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Abstract 
 
Solutions to deterministic optimizing models for supply chains can be 
very sensitive to the formulation of the objective function and the choice of 
planning horizon. We illustrate how multi-period optimizing models may be 
counterproductive if traditional accounting of revenue and costs is performed 
and planning occurs with too short a planning horizon. We propose a “value 
added” complement to traditional financial accounting that allows planning to 
occur with shorter horizons than previously thought necessary. 
This dissertation presents a simulation model with an embedded 
optimizer that can help organizations develop strategies that minimize expected 
costs or maximize expected contributions to profit while maintaining a 
designated level of service.  Plans are developed with a deterministic optimizing 
model and each of the decisions for the first period in the planning horizon are 
implemented within the simulator. Random deviations in demands and in 
upstream and downstream shipping times are imposed and the state of the 
system is updated at the end of each simulated period of activity.  This process 
continues iteratively for a chosen number of periods (90 days for this research).   
Multiple replications are performed using unique random number seeds for each 
replication. The simulation model generates detailed event logs for each period 
of simulated activity that are used to analyze supply-chain performance and 
supply-chain risk. Supply-chain performance is measured with eleven key 
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performance indicators that reveal system behavior at the overall supply-chain 
level, as well as performance related to individual plants, warehouses, and 
products. 
There are three key findings from this research. First, a value-added 
complement in an optimization model’s objective function can allow planning to 
occur effectively with a significantly shorter horizon than required when 
traditional accounting of costs and revenues is employed.  Second, solutions with 
the value-added complement are robust for situations where supply-chain 
disruptions cause unexpected depletions in inventories at production facilities 
and warehouses. Third, ceteris paribus, the hybrid multi-period planning 
approach generates solutions with higher service levels for products with greater 
revenue per average production-minute, shorter average upstream lead times, 
and lower coefficients of variation for daily demand. 
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Chapter 1 Introduction 
 
1.1 Overview  
 
Competition, globalization, shortened product lives and lean production 
systems have led managers to focus on efficiency and cost reduction in the 
design and management of supply chains (Ghadge et al., 2012; Tang et al., 2012; 
Wagner and Bode, 2006; Blackhurst et al., 2005). Greater efficiency, however, 
does not guarantee greater effectiveness (Heckmann et al. 2015). Implementing 
various cost effective strategies such as outsourcing, global sourcing, lean 
production, etc. can reduce safety stocks and time buffers. This exposes 
enterprises to a higher level of supply chain (SC) risk and acquires even greater 
significance for organizations involved in multi-mode transportation across 
international boundaries.   
Empirical studies conducted by Hendricks and Singhal (2003, 2005a, b) 
revealed that SC disruptions can have a significant impact on both shareholder 
value and operating performance. The Wall Street Journal reported that a Hong 
Kong port strike in 2013 cost Hongkong International Terminals $644,000 per 
day (Chiu 2013). Disruption of production for a few days, caused by a custom 
employees strike, resulted in a million dollar lost for a consumer packaged goods 
firm located in South America (Schmitt and Singh, 2012). The National Retail 
Federation (NRF) and National Association of Manufacturers (NAM) revealed 
that the 10-day stoppage at the West Coast ports in 2002 cost the U.S. economy 
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about $1 billion a day and months to recover. Moreover, the NRF-NAM study 
estimates that a 5-day stoppage at U.S. West Coast ports will cause a daily 
reduction of GDP by $1.9 billion and affect 73,000 jobs, while a 20-day stoppage 
will result in a daily loss of $2.5 billion and disrupt 405,000 jobs (Elenstar, 2014).  
As the likelihood, frequency and magnitude of SC disruptions increase 
(Blackhurst et al., 2005; Coleman, 2006; Okubo et al., 2013; Cardoso et al., 2015), 
supply chain risk management (SCRM) attracts the attention of both researchers 
and practitioners.  Adding to the complexity of supply chain risk management is 
the fact that strategies needed to mitigate one type of risks may simultaneously 
increase other risks (Chopra and Sodhi, 2004). Deep relationships with a single 
supplier, for example, may reduce the risks of receiving incompatible parts but 
increase the risk of shutdowns due to major disruptions at the supplier’s facilities.   
Thus, a holistic approach is advocated and organizations should adopt SCRM 
practices at strategic, tactical, and operational levels. At the tactical and 
operational levels, SCRM (Hsieh and Wu, 2008; Kara and Kayis, 2004; Pitty et al., 
2008; etc.) emphasizes reactive actions to diminish negative impacts once 
disruptions occur. At the strategic level, SCRM focuses on dealing with risks in a 
proactive way, thereby reducing or preventing the negative impacts caused by 
anticipated disruptions (Muckstadt et al., 2003; Rice and Caniato, 2003a; 
Norrman et al., 2004; Herroelen and Leus, 2005; Kleindorfer and Saad, 2005; 
Hendricks and Singhal, 2005a; Hendricks et al, 2008; Ji and Zhu, 2008; etc.).  
When supply chain disruptions or unusual events occur, managerial short-term 
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interests may shift, depending on delays in flows of the supply chain. Reactions 
may cause abnormal patterns in production, distribution and procurement, 
leading to a dilemma where decisions to optimize performance in a normal time 
frame may become counterproductive (to be illustrated in Chapter 3 of this 
dissertation).   
Organizations plan based on expectations, often with a rolling horizon 
whereby they implement decisions according to plan early in the planning 
horizon, experience events that cause the state of the system to differ from 
expectations, and revise the plan as new information becomes available.  When 
planning with a rolling horizon, organizations confront the question of how long 
the horizon should be.  This question has been ignored in most supply chain 
management (SCM) studies that employ optimization models for tactical and 
operational decisions (e.g., Ciarallo et al., 1994; Wang and Gerchak, 1996; You et 
al., 2009; Cardoso et al., 2015 etc.).  The first question we address in this 
dissertation is therefore: 
Q1: What rolling horizon length should be adopted in order to achieve 
higher SC performance for a given objective function and performance 
metrics?  
 
At face, it seems that to consider the consequences of decisions 
connected with activities in the supply chain, the planning horizon would need to 
encompass the longest lead time for procurement of materials, the production 
Revision  December 6, 2016                      Copyright, Liang Xu, 2016 13 
cycle times at the manufacturing facilities, and the longest lead time 
downstream for goods to reach consumers.  This seems necessary to avoid 
decisions from short-term optimization that could harm long-term performance.  
A planning horizon that encompasses the longest lead times upstream and 
downstream plus the production cycle time may not be practicable, however, 
especially for organizations managing international logistics and supply chains. 
We therefore experiment with a value-added planning objective that enables an 
organization to recognize the effects of decisions for which the benefits and 
costs will accrue beyond the planning horizon. We explore the use of such value-
added planning objective in a stochastic environment with discrete-event 
simulation.  We apply the research model on a rolling horizon over 90 days, 
generate 11 key performance measures, impose normal SC variations (product 
demand, upstream and downstream lead time), and analyze resulting SC 
performance via different combination of the length of the planning horizon and 
the approach in the objective function to address our second research question: 
Q2: Can a “value-added” complement to the SCM objective function 
mitigate the sub-optimization that occurs when the planning horizon is 
shorter than the time required to capture the effects of all relevant 
events (procurement, production and deliveries) upstream and 
downstream?  
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After addressing Q2, we next consider the effects of uncertainty by 
imposing random disruptions that result in inventory shortages, apply the same 
multi-period SC planning settings (a rolling horizon over 90 days and different 
combination of the planning horizon and the approach in the objective function), 
and evaluate the resulting SC performance on the same 11 key metrics to 
address our third research question:  
Q3: Does any advantage derived from the value-added complement to 
the objective function persist when SC disruptions occur? 
 
After recognizing the benefits of the value-added complement to the 
objective function, we compare results derived from addressing Q2 and Q3 to 
address our fourth and fifth research question:  
Q4: How sensitive is SC performance to the choice of planning horizon 
and addition of the value-added complement to the objective function?  
Q5: What product characteristics are associated with the differential service 
levels that result from application of the SC optimization model on a rolling 
horizon? 
 
1.2 Research Methodology 
 
Analytical modeling is employed by researchers and practitioners to 
support managerial decision making while recognizing interdependencies of 
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activities in a supply chain. These models can be even more beneficial when 
probabilistic and/or random variations are incorporated. To capture the 
stochastic elements in the SC, this research presents a simulation model with an 
embedded optimizer to address the research questions.  This hybrid model is 
constructed on the Statistical Analysis System (SAS) 9.4 platform.   
The hybrid model presented in the research is aimed at solving multi-
period SC planning problems.  Each replication consists 90 days of activity with a 
rolling optimization horizon. Solutions for the chosen planning horizon at the 
end of each revision period are extracted and saved in a dataset that stores in a 
specified SAS library. The simulation model reads the extracted solutions from 
the SAS library and updates the dataset with stochastic demands and stochastic 
transit times for flows in the supply chain network during the revision period.  It 
schedules arrivals of goods and materials accordingly and imposes the results as 
boundary conditions for re-solution of the planning model. Then the 
optimization model reads the information from the updated dataset as the new 
initial conditions and solves the problem for the chosen planning horizon.  This 
iterative process continues until it reaches the last day in the experimental 
period and last replication. Figure 1-1 illustrates the interactive process of the 
hybrid model. 
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Figure 1-1 Interaction Between Simulation and Optimization 
 
Statistical analysis is performed at the end to generate insights and 
provide foundations for research findings. 
 
1.3 Research Outline 
The remainder of this dissertation is presented in five chapters. Chapter 2 
contains a review of the relevant literature and identifies the literature gaps 
which motivate the purposes of this research. Chapter 3 presents the design and 
methodological underpinnings of the deterministic optimization model. Chapter 
4 illustrates characteristic behaviors of the analytical model. Chapter 5 addresses 
Q1 and Q2. Q1: What rolling horizon length should be adopted in order to 
achieve higher SC performance for the given objective function and performance 
metrics? Q2: Can a “value-added” complement to the SCM objective function 
Revision  December 6, 2016                      Copyright, Liang Xu, 2016 17 
mitigate the sub-optimization that occurs when the planning horizon is shorter 
than the time required to capture the effects of all relevant events (procurement, 
production and deliveries) upstream and downstream? This is investigated 
through scenario one under the circumstances that there are no major 
disruptions in the supply chain. In Chapter 6, section 6.2 addresses question Q3: 
Does any advantage derived from the value-added complement to the objective 
function persist when supply chain disruptions occur? This is investigated via 
scenario two where outages occur randomly with 20% of product-warehouse 
combination which represent disruptions or unusual events that deplete product 
inventories at the warehouse. In section 6.3, SC performance from scenario one 
and scenario two are compared to address Q4: How sensitive is SC performance 
to the choice of planning horizon and addition of the value-added complement 
to the objective function? Product service level derived from scenario one and 
scenario two are evaluated to address Q5: What product characteristics are 
associated with the differential service levels that result from application of the 
SC optimization model on a rolling horizon? Chapter 7 summarizes the research 
findings, provides managerial insights, discusses the limitations of the research, 
and identifies areas for future research.   
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Chapter 2 Literature Reviews 
 
2.1 Supply Chain Risk 
  
General sources of SC risk that have been discussed in the academic 
literature are summarized in Figure 2-1.  They can be classified as Supply Risk, 
Demand Risk, Process Risk, Network Risk, Organizational Risk, and Environmental 
Risk. The numbers in Figure 2-1 indicate the number of subtopics identified in 
each category in this research. Details for each of the subtopics are provided in 
Appendix A. Particular sources of SC risk include market capacity (Zsidisin, 2003), 
uncertain variable cost (Tang, 2006 b; Bilsel and Ravindran, 2011), resources 
(talent, technology, and capital) risk (Ghoshal, 1987), product variety (Thun and 
Hoenig, 2011), and general SC risk caused by single sourcing, globalization, Just-In-
Time production, centralized distribution and production (Juttner, 2005; Thun 
and Hoenig, 2011). 
Revision  December 6, 2016                      Copyright, Liang Xu, 2016 19 
 
Figure 2-1 Major Sources of SC Risk 
 
Depending on the magnitude of negative impact, SC risk may be 
described as “disruption”, “disturbance”, “crisis”, “vulnerability”, “uncertainty”, 
“adverse events”, “disaster”, “peril”, “glitch”, “hazard”, and “perturbations” 
(Harland et al., 2003; Christopher and Peck, 2004; Christopher and Lee, 2004; 
Blackhurst et al., 2005; Hendricks and Singhal, 2005a; Tang, 2006a, b; Wagner 
and Bode, 2006; Ghadge et al., 2012; Wu et al., 2007; and Azevedo et al., 2008). 
Most of the literature discusses SC risk in two dimensions: probability and 
severity (March and Shapira, 1987; Mitchell, 1995; Harland et al., 2003; 
Kleindorfer and Saad, 2005; Wagner and Bode, 2008; Manuj and Mentzer, 2008; 
Thun and Hoenig, 2011; Wang, 2014; etc.). More recent works argue that the 
duration of SC risk should also be considered (Klibi and Martel, 2012; Schmitt & 
20
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Singh, 2012) as an important dimension. On one hand, minor disruptions in 
production due to machine breakdowns may be considered as a glitch and 
probably ignored due to small magnitude associated. Major disruptions, on the 
other hand, such as those caused by a tsunami can be classified as a “disaster” 
because they may affect an entire industry or economy. Although SC risk has a 
multifaceted and multidimensional construct (Wagner and Bode, 2006), in this 
research, probability, magnitude and duration are used to capture key 
characteristics of a SC risk. Using these three dimensions, Figure 2-2 illustrates 
the differences between aforementioned SC risks.  
 
Figure 2-2  Key Factors to Describe SC Risk 
 
2.2 Supply Chain Risk Management 
 
If achieving greater SC efficiency through various cost reduction 
strategies is important for organizations to increase competitiveness and 
Magnitude
Probability (%)
Duration (days)
Glitch
Disaster
Magnitude Probability (%) Duration (days)
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improve performance, then ensuring the continuous flows of goods, services, 
and related information, which is the effectiveness of a SC, is equally important. 
However, assuring the effectiveness of a SC is a challenging task, and even more 
so for a global supply chain (GSC). As an organization spans national boundaries 
to further exploit opportunities and reduce costs, the SC becomes longer and 
more complex. Managing a GSC requires the assistance of advanced information 
technology. Decision makers face challenges in collaborating with SC partners 
that have different cultural backgrounds, speak different languages, and reside 
in different time zones. Companies experience changes in governmental 
regulations, customs delays, varying exchange rates, strikes, and political 
instability.  
Unexpected disruptions can result in stockouts and the inability to meet 
customer demand, decrease the efficiency of SCs (Blackhurst et al., 2005), and 
have negative effects on stock prices (Hendricks and Singhal, 2005a). Despite all 
these challenges, there is evidence that a GSC presents opportunities that can be 
explored with good risk management. Hauser (2003) posits that risk adjusted 
supply chain management (SCM) leads to improved financial performance and 
competitive advantage. An empirical study conducted by Thun and Hoenig (2011) 
in the German automotive industry revealed that integrated SCRM tends to 
improve the performance of a SC, as companies with the lowest degree of SCRM, 
on average, had the lowest values for all performance criteria.  
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Narasimhan and Talluri (2009) view SCRM as “a strategic management 
activity in firms given that it can affect operational, market and financial 
performance of firms” and argue that the essence of SCRM is to optimally align 
organizational processes with decisions to exploit opportunities while 
simultaneously minimizing risk (Miles et al., 1978; Venkatraman and Camillus, 
1984). However, this perspective on SCRM focuses on individual organizations 
while omitting the collaboration with SC partners to cope with SC risks. Tang 
(2006 b) defined SCRM as “the management of SC risks through coordination or 
collaboration among the supply chain partners so as to ensure profitability and 
continuity”. The importance of coordination and collaboration in SCRM is also 
stressed by Juttner et al. (2003), Norrman and Lindroth (2004), and Olson and 
Swenseth (2014).  
Although SCRM is a growing research area, Sodhi et al. (2012) stated that 
SCRM can be very subjective with varying definitions and interpretations among 
researchers. Focusing on quantitative approaches in SCRM, this research 
believes that SCRM should be integrated into modern SCM with the primary 
responsibility to assure the continuous flows of goods, services, and related 
information, thus fostering a high-performance business model.  
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2.3 Quantitative research in Supply Chain Risk Management 
 
Various methodologies have been applied in managing SC risks. Fahimnia 
et al. (2015) identified eight primary research clusters (Table 2-1) in SCRM.  
Table 2-1 Primary Research Clusters in SCRM 
      (Source: Fahimnia et al., 2015) 
 
Among these clusters, “uncertainty modeling in tactical/operational 
supply chain planning” is the most relevant one to this research. Lead papers in 
cluster 4, plus additional quantitative approaches in SCRM have been reviewed 
in this research.  
 
2.3.1 Supply Chain Planning 
 
Deleris and Erhun (2005) developed a Monte Carlo simulation model to 
assess the impact of SC disruptions on network flow.  With an interest in system 
downtime and recovery time, Schmitt and Singh (2012) used Arena to simulate a 
multi-echelon consumer packaged goods SC to examine how risk flows in the SC 
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and how disruptions affect each node in the SC network. This research, using 
customer fulfillment as a performance metric, illustrates that SC risk assessment 
at the network level can best reveal the true level of risk exposure. They further 
show how flexibility through redundancy can increase SC resilience and reduce 
the risk of failure. Redundancy is realized through buffer inventories and backup 
capacities. The cost structure (holding costs of raw materials, work-in-process, 
and finished goods) determines where buffer inventories should be positioned 
and the source of disruptions in the SC network affects the selection of 
appropriate mitigation strategies. Importantly, the research demonstrates that 
the magnitude of SC disruptions varies through time and the impacts can be 
amplified and outlast the disruptions themselves as events propagate through 
the SC.  
You et al. (2009) proposed a stochastic model that incorporates demand 
and freight rate uncertainty to examine the tradeoffs between cost and risk in 
multi-period planning. The research revealed that for different risk management 
methods (managing the variance, the variability index, the probabilistic financial 
risk, and the downside risk), total expected cost will increase after risk 
management. Bode et al. (2011) confirmed that buffering (building safeguards 
such as inventory) and bridging (collaborating with SC partners) are two generic 
strategies adopted by firms to cope with SC risk. Their empirical study revealed 
that organizations regard these two strategies as equally effective alternatives. 
Cardoso et al. (2015) developed a MILP model for SC design and planning to 
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investigate system resilience associated with different SC structures when 
considering demand uncertainty in a fixed time period (t=3).  Their research 
concluded that, depending on the existing SC network structure, adding 
redundancy does not always lead to a more resilient SC. 
Lee and Kim (2002) adopted a hybrid approach, iterating between a 
deterministic optimization model and a discrete-event simulation model, to 
address the integrated production-distribution problems with consideration of 
production and distribution uncertainty.  Operation time uncertainties, including 
machine and vehicle breakdown, queuing, and transportation delays, were 
captured by the simulation model.  To hedge against variations in demand, Lin 
and Chen (2009) developed a stochastic model to explore the benefit of 
flexibility in coordinated replenishment and shipment policies for a fixed 
planning horizon (30 days). Sabri and Beamon (2000) developed sets of model to 
simultaneously address strategic and operational SC planning problems. A 
deterministic model (MILP) was constructed for strategic planning. To 
incorporate uncertainties in production, delivery, and demand, a stochastic 
model was developed at the operational level. The research adopted an iterative 
approach between deterministic and stochastic models to assist in strategic and 
operational planning.  Sodhi (2005) presented a deterministic model and a 
stochastic model to solve the replenishment schedule for an electronics 
company.  He used information from these two models as a guide for managers 
to reallocate capacity among different products to mitigate inventory and 
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demand risk. A stochastic model was developed by Leung et al., (2006) to 
address the production planning problem with consideration of uncertain 
demand for a given 3-month planning horizon. Variation in demand is not 
directly incorporated into the model. Instead, uncertain demand is realized 
through changes in probability distributions of economic scenarios.  
In order to achieve desired customer service level in all demand regions, 
Jung et al., (2004) developed sets of models to investigate safety stocks needed 
to cope with demand uncertainty for a given planning period (3 months). A 
stochastic planning and scheduling model incorporates buffer inventories to deal 
with demand uncertainty, while simulation with an embedded optimization 
model was used to address safety stock levels needed in order to achieve 
desired customer service level.  The planning and scheduling problem was 
employed with a rolling horizon (increase one period at a time until the end of 
planning period), however, the length of the rolling planning horizon is not 
clarified in their research. Instead, their assumption pertains to the length of the 
rolling planning horizon considers downstream longest lead time (delivery from 
each production facility to each customer takes less time than the chosen 
horizon). Although the model proposed in this research is robust, it is almost 
impossible to allow any tactical analysis to react to SC disruptions because of the 
computation time required (100 hours).  
Wang and Gerchak (1996) developed a stochastic model to investigate 
the production planning problem with consideration of uncertain production 
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processes and uncertain demand.  The research revealed (not surprisingly) that 
for a multi-period production planning problem, the optimal policy depends 
upon the initial inventory level at each period. Schmitt and Singh (2009) 
presented a simulation model (Monte Carlo with Arena) to investigate the 
impact of disruptions on SC and assess strategies for coping with SC risk in 
pursuit of a targeted service level. Their research showed how customer service 
depends on inventory levels in the system at the beginning of a disruption and 
the nature of uncertainty in demand and production operation. They assert that 
it is important to monitor and evaluate SC risk through time. 
 
2.3.2 Correlations among Supply Chain Risk Sources 
 
Monte Carlo simulation was applied to investigate outsourcing risks in 
the SC by Lee et al. (2012). The research revealed that although total average 
lead time and total average SC costs were both reduced after outsourcing, the 
variation of cost was increased due to exposure to risk or uncertainty. Bode and 
Wagner (2015) did an empirical study to investigate the relationship between 
conceptualized upstream SC complexity and the frequency of disruptions 
experienced by buying firms. These conceptualized structures are horizontal 
complexity (number of direct suppliers), vertical complexity (number of ties), and 
spatial complexity (global sourcing). Their findings suggested that each of 
aforementioned dimensions of upstream SC complexity is a source of disruption 
risk. 
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Wu and Olson (2008) proposed three different models to assist in vendor 
selection with consideration of risks: chance constrained programming, data 
envelopment analysis, and multi-objective programming. Risks were 
incorporated with probability distributions and risk profiles were generated 
through Monte Carlo simulation, then embedded into the aforementioned 
models. Kull and Closs (2008) developed a discrete-event simulation model to 
investigate the disruption impacts associated with second-tier supply failure. 
Multi-regression analysis was used to assess the impact of inventory level and 
ordering policy on supply risk. The researchers concluded that ordering policies 
can have significant impact on firm’s exposure to supply risk, and that inventory 
in the system is not an adequate indicator of SC resilience. Empirical studies 
conducted by Wagner et al., (2009, 2011) focused on investigating default 
dependence between suppliers and concluded that such interdependencies can 
have significant detrimental impacts on the buying firm. Costantino and 
Pellegrino (2010) developed a Monte Carlo simulation model to explore the 
tradeoffs between single sourcing and dual sourcing and indicated that the 
additional costs of using than one supplier may be offset by reduction in supply 
risk. More importantly, their research stated that if the default probability of all 
suppliers is correlated, managers should consider having an additional supplier in 
a foreign country or carrying more buffer inventory. Guertler and Spinler (2015) 
used Monte Carlo simulation to investigate the interrelationships among various 
supply risks mentioned in the literature and concluded that such 
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interdependencies can significantly affect the total risk originated from SC 
upstream. 
Tsiakis et al. (2001) developed a mixed integer linear programming (MILP) 
to assist in designing a multiproduct, multi-echelon SC network with 
consideration of demand uncertainty. Vaagen and Wallace (2008) developed a 
multidimensional stochastic optimization model to assess the impact of 
uncertainties and demand correlations on system performance for fashion SCs. 
The research concluded that ignoring demand correlations of fashion products 
can lead to inferior trade-offs between risk and expected profit. Ciarallo et al. 
(1994) constructed a stochastic model to solve the production planning problem 
with consideration of uncertain demand and uncertain capacity. The variation in 
demand and uncertain production capacity were captured by random variables 
with a general distribution. The research indicated that an order-up-to inventory 
policy may be used effectively for multiple-period production planning problem 
but suggested that a more realistic production planning model should consider 
nonzero correlations between random demands in different periods. Focusing 
on SC design problems, Azaron et al. (2008) developed a stochastic model with 
consideration of uncertain costs in production. The objectives were to minimize 
the expected total costs, the variance of total cost, and the financial risk when 
configuring a SC. Sets of scenarios with given probabilities of occurrence were 
considered. Demands, supplies, processing costs, transportation costs, and 
shortage and capacity expansion costs were modeled as random variables. The 
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study illustrated correlations between the expected total SC cost and financial 
risk. Lim et al. (2005) adopted a hybrid approach, iterating between genetic 
algorithm (GA) and simulation, to solve a distribution planning problem.  The GA 
is used to find near optimal solutions, while simulation captures uncertainty 
associated with machine and transportation vehicles. Moreover, research 
conducted by Lium et al. (2007) via stochastic programming revealed that the 
correlation structure of demand (positive, mixed, negative) affects the optimal 
truck routes (less-than-truckload). 
Petrovic et al. (1998) developed fuzzy models and a simulation model, to 
investigate the tradeoffs between stock levels, order quantities, and total 
delivery costs. Uncertain demand and uncertain supply of raw materials were 
modeled using fuzzy sets. Simulation was used to assess the impact of decisions 
derived from fuzzy models on system performance. Petrovic (2001) constructed 
sets of models to analyze SC behavior and performance with consideration of 
uncertainties. Uncertain demand, uncertain raw materials supply, and uncertain 
lead time were again modeled using fuzzy sets. Simulation was used to assess 
the impact of decisions derived from fuzzy models on system performance. 
However, correlations among demands were not considered in Petrovic et al., 
1998 and Petrovic, 2001.   
Giannakis and Louis (2011) proposed a conceptual multi-agent based 
framework to facilitate SCRM. Okubo et al. (2013) used scenario-based 
simulation to investigate the impact of disruptions on a given SC and evaluate 
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the effectiveness associated with different restoration plans (considering time to 
restore full capacity versus time to restart production).  Talluri et al. (2013) used 
discrete-event simulation to test the appropriateness and effectiveness of 
conceptual SCRM framework proposed by Chopra and Sodhi (2004). The study 
revealed that the appropriateness and effectiveness of risk mitigation strategies 
are contingent on the internal and external environments.  Their research 
suggested that SCRM needs to consider risk category, risk source, and SC 
configuration and there is no one-size-fits-all strategy. Their research does not 
consider the correlations of SC risk sources and does not allow multiple risks or 
strategies to interact simultaneously. Tomlin (2009) developed a stochastic 
model to investigate various supply chain risk mitigation strategies (SCRMS) to 
cope with the supply disruption with considerations of uncertainties derived 
from upstream and downstream activities. The research concluded that a supply 
diversification strategy is preferred to contingent sourcing if demand risk is high, 
while contingent sourcing becomes more effective than supply diversification if 
supply failure probability increases. Furthermore, the study revealed that 
demand switching tactics can be used to cope with variations in demand. 
However, if products are sourced from the same set of suppliers, demand 
switching is not an effective antidote to supply risk.  
With various perspectives on SCRM, researchers have recognized that 
correlations among sources of risk impinge on sourcing strategies (Wagner et al., 
2009, 2011; Costantino and Pellegrino, 2010), vehicle routing solutions (Lium et 
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al., 2007), and financial performance (Vaagen and Wallace, 2008). However, 
analytical models (such as stochastic programming) that incorporate risk, 
generally assume that supply chain risk components, such as variation of 
demand in different markets, transportation delays, etc. are independent of 
each other (Ciarallo et al., 1994; Wang and Gerchak, 1996; Sodhi, 2005; Wu and 
Olson, 2008; Lin and Chen, 2009; Schmitt and Singh, 2012; Cardoso et al., 2015 
etc.). This may cause a significant underestimation of the impact of adverse 
events (Zhang and Li, 2010; Liberatore et al, 2012).  
 
2.4 Supply Chain Event Management 
 
An important aspect of risk mitigation involves dealing with adverse 
events when they occur. Following Bearzotti et al, 2012; Giannakis and Louis, 
2011; Bodendorf and Zimmermann, 2005; and Otto 2003, we call this supply 
chain risk event management (SCEM). It is the combination of supply chain risk 
mitigation strategies and supply chain risk event management that determines 
the ultimate performances of the system. Examples of actions which might be 
taken in response to adverse events occurred in the SC are the use of overtime 
or alternative supplies of raw materials and components when production must 
be intensified. Such reactive actions may include the use of faster (usually more 
expensive) modes of transportation when there is an urgent need for supplies at 
manufacturing facility, goods at warehouse, or final delivery to a customer. 
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Taking reactive actions in a timely manner is crucial for organizations to recover 
and, most importantly, to survive (Simchi-Levi, 2015). 
 
2.5 Summary 
 
Because the initial state of the system directs the optimal policy, it is 
essential to capture changes in the state of the system at the beginning of each 
period when dealing with multi-period SC planning. The importance of adopting 
rolling planning horizon and adequately updating the initial conditions to capture 
changes in the state of the system can never be overstressed. However, 
regardless the consideration of uncertainties, there has been limited research 
employing a rolling planning horizon and capturing changes in the state of the 
system to solve multi-period SC planning problems. Meanwhile, it is generally 
recognized that short term optimization can actually hurt long term performance. 
But, when disruptions or unusual events occur, depending on the magnitude and 
the duration of the risk events, SC may experience abnormal patterns in 
procurement, production and distribution etc., and managerial short-term 
interests may also shift. The same SC planning toolbox or analytical model 
utilized before the risk events may be counterproductive and unable to reveal 
the true SC performance. A robust analytical toolbox requires excessive time to 
generate results (100 hours in Jung et al., 2004) and is likely unable to satisfy 
managerial short-term needs to cope with risk events occurred, especially when 
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reaction in a timely manner is the essence to mitigate risk effects. However, 
rarely discussed in the literature is the different approach in the objective 
function of the analytical models to deal with such a dilemma. Last but not least, 
in the field of SCM, sporadic studies utilize multi-criteria to assess the overall SC 
performance and assist managerial decision making by providing the “whole 
picture” (upstream and downstream) of the SC. 
This dissertation investigates the effects of using a combination of 
strategies for SCRM and SCEM by employing a discrete-event simulation model 
with an embedded optimizer. A rolling horizon planning with consideration of 
the initial conditions for each period is adopted to solve multi-period SC planning 
problems. The hybrid model produces 11 key SC performance measures to assist 
managers in making procurement, production and distribution decisions and 
assessing the effects of different risk-mitigation strategies such as redundancy 
and flexibility. We propose a value-added complement to traditional 
deterministic objective functions to improve SCRM and assess its robustness 
with the hybrid model. We investigate how changes in the length of rolling 
planning horizons and the approach in analytical model’s objective function for 
developing and implementing production schedules may affect system 
performance. Meanwhile, the hybrid approach proposed in this research is 
intended to meld the strengths of mathematical optimization (pursuit of a goal 
while adhering to constraints) and simulation (incorporating uncertainty) in an 
analytically tractable manner.   
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Chapter 3  Analytical Model 
 
In the supply chain management field, hybrid approaches which combine 
simulation and optimization are gaining more attention. Simulated decisions can 
be formed with help from optimizing models and constraints imposed in the 
optimization process can be guided by simulation results. Beginning with an 
integrated simulation and optimization model constructed on the Statistical 
Analysis System (SAS) platform by Smith et al. (2016), this research incorporates 
additional elements of upstream activities, sets production system-wide 
inventory level for each product across all plants, and experiments with different 
methods of establishing production priorities (Note that the terms “plant”, 
“facility”, and “production facility” will be used interchangeably in the remaining 
of this research).  
 
3.1 Model analysis framework 
 
This research studies a three-echelon supply chain for bulk products that 
are distributed through warehouses in several different regions. The supply 
chain under investigation is predefined and has m suppliers, n production 
facilities, p products, and w warehouses. Customers’ demands are aggregated 
and allocated to the warehouses. The locations of suppliers, production facilities, 
and warehouses are hypothetically given and the transportation of raw materials 
and finished goods is assumed to be done by third-party logistics (3PL) providers 
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(thus avoiding the issues of consolidating shipments and related delay due the 
shipment consolidation process). Research data were adapted from the 
literature (Tsiakis et al., 2001) with amendments made to accommodate the 
purposes of this research. Figure 3-1 illustrates the supply chain structure 
examined by this research.   
 
                             Figure 3-1 Research Supply Chain Structure 
 
With an interest in maximizing net profit contribution, major decisions 
resulted from the optimization model in each planning period include 
procurement, production, and distribution plans. Buffer inventories (raw 
materials, finished goods at plants and products at warehouses) are built into 
supply chain as part of the risk mitigation strategies. Supply chain risk event 
management is represented by allowing finished goods to be shipped directly to 
customers when shortages occur at customer service centers (warehouses) or by 
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adding additional shifts when production must be intensified (possibly due to 
disruptions that have occurred in the supply chain).  
 
3.2 Model description 
 
The analytical model is developed with the following assumptions:  
1) The managerial goal is to maximize net contribution to profit.  
2) The profit contribution net of shipping costs is realized when customer 
demand is satisfied from the warehouses or directly from the plant. 
3) Inventory replenishment is recognized at the end of each business day.  
4) Aggregate customer demands for products are registered at the beginning of 
each day at the warehouses. 
5) Suppliers who provide the same raw material are geographically separated 
(and therefore subject to different disruption risks). 
6) Each production facility can produce all products, ship products to all 
warehouses, and perform alternative delivery of finished goods via expedited 
shipping to satisfy customer demand as alternatives to deliveries from 
warehouses.  
7) Customer demand of products is aggregated and assigned to designated 
warehouse every day. Alternative deliveries from other warehouses are not 
considered in this research.  
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Description of the notation used in this research is presented in the following 
table.  
     Table 3-1 Optimization Model Parameters and coinciding description 
Parameter                             Description 
mrRrPp 
Units of raw material r required to produce one unit of 
product p 
mininvPpFf 
Minimum inventory of product p desired at production 
facility f 
maxinvPpFf 
Maximum inventory of product p desired at production 
facility f 
mininvRrFf 
Minimum inventory of raw material r desired at production 
facility f 
maxinvRrFf 
Maximum inventory of raw material r desired at production 
facility f 
ShtPenaltyRrFf 
Daily penalty ($ per unit) for shortage of raw material r 
inventory at production facility f 
ShtPenaltyPpFf 
Daily penalty ($ per unit) for shortage of product p inventory 
at production facility f 
ShtPenaltyPpWw 
Daily penalty ($ per unit) for shortage of product p inventory 
at warehouse w 
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OvrPenaltyRrFf 
Daily penalty ($ per unit) for excess raw material r inventory 
at production facility f 
OvrPenaltyPpFf 
Daily penalty ($ per unit) for excess of product p inventory at 
production facility f 
OvrPenaltyPpWw 
Daily penalty ($ per unit) for excess of product p inventory at 
warehouse w 
mininvPpWw 
Minimum inventory of product p desired at warehouse w 
(including outstanding orders) 
maxinvPpWw 
Maximum inventory of product p desired at warehouse w 
(including outstanding orders) 
dempwhsew 
Assigned aggregated average daily demand for product p at 
warehouse w 
shiptimeFfWw  
δ (f, w) 
Shipping time (days) from production facility f to warehouse 
w 
shiptimeSsFf    
θ (s, f) 
Shipping time (days) from supplier s to production facility f 
spcFf 
Production setup costs at production facility f incurred each 
day that production occurs (including idle cost associated 
with set up time) 
pcPpWw 
Unit profit contribution of product p delivered from 
warehouse w 
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scPpFfWw 
Supply cost per unit of product p from production facility f to 
warehouse w (including variable production cost at 
production facility f and shipping cost from production 
facility f to warehouse w, but excluding raw material and 
goods in transit costs) 
scRrSsFf 
Supply cost per unit of raw material r from supplier s to 
production facility f (including ordering and shipping costs, 
but excluding raw material in transit costs) 
scPpWw 
Shipping cost per unit of product p from warehouse w to 
customer 
icPpFf 
Inventory carrying cost for finished product p at production 
facility f 
icRrFf 
Inventory carrying cost of raw material r at production 
facility f 
itcPpFfWw 
Unit cost of carrying product p in transit from production 
facility f to warehouse w 
itcRrSsFf 
Unit cost of raw material r in transit from supplier s to 
production facility f 
acPpFfWw 
Unit cost of alternative supply from production facility f for 
product p at warehouse w 
icPpWw Inventory carrying cost for product p at warehouse w 
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opcostPpWw 
Unit opportunity cost of lost sales for product p at 
warehouse w 
DemPpWwDd Demand for product p (units) at warehouse w on day d 
sutimePpFf Product p production setup time at production facility f 
idlePenFf Idle penalty cost per hour at production facility f 
MXprodFf Maximum daily throughput (units) at production facility f 
minsysinvPp 
Desired minimum system inventory of product p (across all 
production facilities) 
maxsysinvPp 
Desired maximum system inventory of product p (across all 
production facilities) 
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Table 3-2 Set Notation Employed 
Set Description 
R{r} Set of raw materials 
S{s} Set of suppliers 
F{f} Set of production facilities 
P{p} Set of products 
W{w} Set of warehouses 
D{d} Set of days in planning horizon 
SR{r} Set of suppliers for raw material r 
RP{p} Set of raw materials used in producing product p 
PF{f} Set of products produced in production facility f 
PR{r} Set of products require raw material r for production 
RF{f} 
Set of raw materials used in producing products at 
production facility f 
PW{w} Set of products distributed through warehouse w 
WP{p} Set of warehouses to which product p is delivered 
DRMS {r, s, f} 
Set of days on which raw material r from supplier s is 
scheduled to arrive at production facility f 
DFGS {p, f, w} 
Set of days on which product p from production facility f is 
scheduled to arrive at warehouse w 
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Parameters are set for individual products to allow experiments from 
which conclusions may be generalized according to product type (where product 
type is characterized by product value, level of demand, and variability of 
demand). As Fisher (1997) indicated that the supply chain strategy of a product 
must be aligned with the demand characteristics of that product and Talluri et al. 
(2013) stated that more realistic supply chain risk mitigation strategies should 
consider demand variations. Among all six products produced across production 
facilities, product 1 (P1) and product 2 (P2) have high demand, product 3 (P3) 
and product 4 (P4) have medium demand, while product 5 (P5) and product 6 
(P6) share low demand. However, the variability in demand differs among 
products. Table3-3 summarizes demand characteristics of all six products 
considered in this research and presents unit profit contribution associated with 
each product.  
    Table 3-3 Product Demand Characteristics 
Product Demand 
Demand 
Variation 
Unit Profit 
Contribution 
P1 High High $9.15 
P2 High Low $8.26  
P3 Medium High $11.44  
P4 Medium Low $10.48  
P5 Low High $28.85  
P6 Low Low $26.78  
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 Three different raw materials are consumed at production facilities to 
produce all products. Each raw material has two suppliers with one supplier 
offering a shorter lead time at a higher cost than the other. Supplier 1 (S1) and 
supplier 2 (S2) provide raw material 1 (R1), supplier 3 (S3) and supplier 4 (S4) 
supply raw material 2 (R2), and supplier 5 (S5) and supplier 6 (S6) sell raw 
material 3 (R3). Table 3-4 presents information about average lead time and 
standard deviation of lead time from supplier to production facility (F1 to F3 
denotes production facility 1 to production facility 3 correspondingly).  
     Table 3-4 Average Lead Time from Supplier to Production Facility 
Supplier 
Average Lead Time 
Standard Deviation of Lead 
Time 
F1 F2 F3 F1 F2 F3 
S1 10 12 15 1 2 2 
S2 16 17 20 2 3 5 
S3 9 7 15 1 1 2 
S4 13 11 20 2 2 5 
S5 10 13 10 1 2 1 
S6 16 17 15 2 3 3 
 
P1 and P2 require R1, P3 and P4 require R2, and P5 and P6 require R3. 
However, units of raw materials required to produce each unit of product can be 
different.  Material requirements for production of all products are given in 
Table 3-5. 
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       Table 3-5 Raw Material Utilization Summary for Production 
Product 
Raw Material 
Consumption 
Material Requirements 
P1 R1 1.6 
P2 R1 1.5 
P3 R2 2.5 
P4 R2 2 
P5 R3 3 
P6 R3 3 
 
Table 3-6 Summary of Production Rate across Production Facilities 
Product  
Production Rate (unit/hour) 
F1 F2 F3 
P1 138 126 145 
P2 161 146 168 
P3 70 81 77 
P4 80 92 88 
P5 52 50 45 
P6 58 55 50 
 
 
Although products can be produced at different plants, production 
capacity differs among products and plants. Production facilities can ship 
products to all warehouses with varying costs and lead time. Table 3-6 illustrates 
the production rate (unit per hour) across production facilities and Table 3-7 
provides information about average lead time and standard deviation of lead 
time from production facility to warehouse (WH1 to WH6 denotes warehouse 1 
to warehouse 6 in order).        
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Information presented in Table 3-6 and Table 3-7 indirectly indicates that 
the unit supply cost of products from production facility to warehouse are set to 
depend on the combination of profit contribution of individual products, lead 
time from plant to warehouse, and the level of economies of scale at each 
individual plant.  
  
Table 3-7 Average Lead Time from Production Facility to Warehouse 
  
Average Lead Time 
Standard Deviation of Lead 
Time 
F1 F2 F3 F1 F2 F3 
WH1 7 9 15 2 2 3 
WH2 7 10 17 2 3 4 
WH3 8 7 17 2 2 5 
WH4 9 7 19 3 2 6 
WH5 13 15 7 5 5 2 
WH6 15 15 8 5 6 2 
 
 
The supply chain is generally demand driven. Information of product 
demands collected from warehouses dictates the quantity that the production 
scheduling model should produce, units of products to ship, and the amount of 
raw materials to purchase. Meanwhile, production of products, delivery of 
products, and procurement of raw materials take into consideration the 
minimum inventories of raw materials to maintain at plants, minimum 
inventories of finished products to maintain at plants, minimum system-wide 
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inventories of finished products, and minimum inventories of finished goods at 
warehouses. Table 3-8 and table 3-9 summarize the aggregated demand 
information through warehouses in this research. Table 3-10 presents 
coefficients of variation for demands of products at warehouses. As some 
products exhibit high coefficients of variation, these product demands are being 
truncated in the simulation model to avoid any negative values.   
 Table 3-8 Warehouse Aggregated Product Demand 
  
Average Daily Demand  Total 
Demand 
per Day WH1 WH2 WH3 WH4 WH5 WH6 
P1 137 106 120 125 102 112 702 
P2 128 160 200 160 176 160 984 
P3 45 54 54 48 32 40 273 
P4 75 66 65 63 48 64 381 
P5 11 18 14 14 8 13 78 
P6 21 21 14 15 16 18 105 
 
 
Table 3-9 Standard Deviation of Product Demand  
  
Standard Deviation of Daily Demand 
WH1 WH2 WH3 WH4 WH5 WH6 
P1 21 16 18 19 15 17 
P2 6 8 10 8 9 8 
P3 16 19 19 17 12 14 
P4 19 17 17 16 12 16 
P5 6 9 7 7 4 7 
P6 9 9 6 6 7 8 
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Table 3-10 Product Demand Coefficient of Variation 
  
Product Demand Coefficient of Variation 
WH1 WH2 WH3 WH4 WH5 WH6 
P1 0.15 0.15 0.15 0.15 0.15 0.15 
P2 0.05 0.05 0.05 0.05 0.05 0.05 
P3 0.36 0.35 0.35 0.35 0.38 0.35 
P4 0.25 0.26 0.26 0.25 0.25 0.25 
P5 0.55 0.50 0.50 0.50 0.50 0.54 
P6 0.43 0.43 0.43 0.40 0.44 0.44 
 
3.3 Model construction 
 
Daily production at plants, shipments to warehouses, and deliveries to 
customers are planned with consideration of production capacities across plants, 
lower and upper inventory limits at plants and in warehouses, transit times to 
warehouses, and the possibility of expedited shipping from production facilities 
directly to the customer (at higher cost) or accepting lost sales in the event of 
stockouts at the warehouses. A mixed-integer mathematical programming 
model (with options of planning over different horizons considering current 
system status, expected future demands, shipping times etc.) is employed to 
determine “optimal” allocations of production capacity each day and shipments 
to warehouses from which customer demand is satisfied.  Decision variables are 
presented in table 3-10, followed with optimization model’s objective and 
constraints. 
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Table 3-11 Optimization Model Decision Variables 
Decision 
Variables 
Description 
ProdPpFfDd Units of product p produced at production facility f at the end 
of day d 
USPpFfDd Units short of safety stock of product p at production facility f 
at the end of day d 
OSPpFfDd Units over max desired inventory of product p at production 
facility f at the end of day d 
ShpPpFfWWDd Units of product p shipped out of production facility f to 
warehouse w at the end of day d 
ItsPpFfWWDd Units of product p in transit and scheduled to arrive at 
warehouse w from production facility f at the end of day d 
USRrFfDd Under-stock (shortage from reorder point) of raw material r at 
production facility f at the end of day d 
OSRrFfDd Over-stock (above max desired inventory) of raw material r at 
production facility f at the end of day d 
ShpRrSsFfDd Units of raw material r shipped out of supplier s to production 
facility f at the end of day d 
ItsRrSsFfDd Units of raw material r in transit and scheduled to arrive at 
production facility f  from supplier s at the end of day d 
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USPpWwDd Under-stock (shortage from reorder point) of product p at 
warehouse w at the end of day d 
OSPpWwDd Over-stock (above max desired inventory) of product p at 
warehouse w at the end of day d 
DelPpWWDd Units of product p delivered from warehouse w to customers 
by the end of day d 
AltPpFfWWDd Units of product p shipped directly from production facility f at 
the end of day d to satisfy demand  
LSPpWWDd Lost sales (in units) of product p at warehouse w at the end of 
day d 
InvPpFfDd Inventory of product p in production facility f at beginning of 
day d 
InvPpWwDd Inventory of product p in warehouse w at beginning of day d 
TrPpFfWwDd Units of Product p in transit from production facility f to 
warehouse w at beginning of day d 
TrRrSsFfDd Units of Raw material r in transit from supplier s to production 
facility f at beginning of day d 
SUFfDd 1 if production facility f is activated for production on day d; 0 
otherwise 
SUPpFfDd Extend to which setup time at production facility f on day d is 
attributed to the production of product p 
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IdleFfDd Total idle hours at production facility f during day d 
ORrSsFfDd Units of raw material r ordered at supplier s for delivery to 
production facility f at beginning of day d 
OORrSsFfDd Outstanding orders of raw material r for delivery from supplier 
s to production facility f at beginning of day d 
OPpFfWwDd Units of product p ordered at production facility f for delivery 
to warehouse w at beginning of day d 
OOPpFfWwDd Outstanding orders of product p at production facility f for 
delivery to warehouse w at beginning of day d 
 
The objective of the optimization model is to maximize net contribution 
to profit from meeting customer demand with supplies of finished products from 
warehouses and alternative supplies from production facilities. 
Net Profit Contribution = (Profit contribution from warehouse deliveries + 
Profit contribution from alternative deliveries – Costs of lost sales – Product 
inventory holding costs at plants and warehouses – Raw material inventory 
holding costs at plants – Product inventory shortage costs at plants and 
warehouses – Raw material inventory shortage costs at plants – Product inventory 
overstocking costs at plants and warehouses – Raw material inventory overstocking 
costs at plants – Product shipping costs – Product in transit costs – Raw material 
shipping costs – Raw material in transit costs – Plant setup costs – Plant idle 
costs) 
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The algebraic formulation of the problem is presented below: 
                          𝑀𝑎𝑥 ∑  { ∑ ∑  [ ( 𝑝𝑐𝑃𝑝𝑊𝑤 − 𝑠𝑐𝑃𝑝𝑊𝑤) ∗ 𝐷𝑒𝑙𝑃𝑝𝑊𝑤𝐷𝑑
𝑝∈𝑃𝑊{𝑤}𝑤∈𝑊{𝑤}𝑑∈𝐷{𝑑}
+ ∑ (𝑝𝑐𝑃𝑝𝑊𝑤 − 𝑎𝑐𝑃𝑝𝐹𝑓𝑊𝑤) ∗ 𝐴𝑙𝑡𝑃𝑝𝐹𝑓𝑊𝑤𝐷𝑑 − 𝑜𝑝𝑐𝑜𝑠𝑡𝑃𝑝𝑊𝑤 ∗ 𝐿𝑆𝑃𝑝𝑊𝑤𝐷𝑑 − 𝑖𝑐𝑃𝑝𝑊𝑤 ∗ 𝐼𝑛𝑣
𝑓∈𝐹{𝑓}
𝑃𝑝𝑊𝑤𝐷𝑑
− 𝑆ℎ𝑡𝑃𝑒𝑛𝑎𝑙𝑡𝑦𝑃𝑝𝑊𝑤 ∗ 𝑈𝑆𝑃𝑝𝑊𝑤𝐷𝑑 − 𝑂𝑣𝑟𝑃𝑒𝑛𝑎𝑙𝑡𝑦𝑃𝑝𝑊𝑤 ∗ 𝑂𝑆𝑃𝑝𝑊𝑤𝐷𝑑]  
− ∑  [ ∑  (𝑖𝑐𝑃𝑝𝐹𝑓 ∗ 𝐼𝑛𝑣𝑃𝑝𝐹𝑓𝐷𝑑 + 𝑆ℎ𝑡𝑃𝑒𝑛𝑎𝑙𝑡𝑦𝑃𝑝𝐹𝑓 ∗ 𝑈𝑆𝑃𝑝𝐹𝑓𝐷𝑑 + 𝑂𝑣𝑟𝑃𝑒𝑛𝑎𝑙𝑡𝑦𝑃𝑝𝐹𝑓 ∗ 𝑂𝑆𝑃𝑝𝐹𝑓𝐷𝑑
𝑝∈𝑃{𝑝}𝑓∈𝐹{𝑓}
+ ∑  (𝑠𝑐𝑃𝑝𝐹𝑓𝑊𝑤 ∗ 𝑆ℎ𝑝𝑃𝑝𝐹𝑓𝑊𝑤𝐷𝑑 + 𝑖𝑡𝑐𝑃𝑝𝐹𝑓𝑊𝑤 ∗ 𝑇𝑟𝑃𝑝𝐹𝑓𝑊𝑤𝐷𝑑)
𝑤∈𝑊{𝑤}
) + 𝑠𝑝𝑐𝐹𝑓 ∗ 𝑆𝑈𝐹𝑓𝐷𝑑 + 𝑖𝑑𝑙𝑒𝑃𝑒𝑛𝐹𝑓
∗ 𝑖𝑑𝑙𝑒𝐹𝑓𝐷𝑑
+ ∑ ( 𝑖𝑐𝑅𝑟𝐹𝑓 ∗ 𝐼𝑛𝑣𝑅𝑟𝐹𝑓𝐷𝑑 + 𝑆ℎ𝑡𝑃𝑒𝑛𝑎𝑙𝑡𝑦𝑅𝑟𝐹𝑓 ∗ 𝑈𝑆𝑅𝑟𝐹𝑓𝐷𝑑 + 𝑂𝑣𝑟𝑃𝑒𝑛𝑎𝑙𝑡𝑦𝑅𝑟𝐹𝑓 ∗ 𝑂𝑆𝑅𝑟𝐹𝑓𝐷𝑑
𝑟∈𝑅𝑃{𝑝}
+ ∑ (𝑠𝑐𝑅𝑟𝑆𝑠𝐹𝑓 ∗ 𝑆ℎ𝑝𝑅𝑟𝑆𝑠𝐹𝑓𝐷𝑑 + 𝑖𝑡𝑐𝑅𝑟𝑆𝑠𝐹𝑓 ∗ 𝑇𝑟𝑅𝑟𝑆𝑠𝐹𝑓𝐷𝑑)
𝑠∈𝑆𝑅{𝑟}
)  ]  }
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Subject to the following constraints: 
Product p can’t be produced at production facility f on day d unless the 
necessary set up is completed (constraint STPpFfDd). For each production facility 
and day for each 𝑝 ∈ 𝑃𝐹{𝑓}, 
𝑃𝑟𝑜𝑑𝑃𝑝𝐹𝑓𝐷𝑑    ≤   𝑀𝑥𝑝𝑟𝑜𝑑𝑃𝑝𝐹𝑓  ∗  𝑆𝑈𝑃𝑝𝐹𝑓𝐷𝑑 . (1) 
           
Consumption of raw materials r at production facility f on day d cannot 
exceed the quantities available at beginning of day d (constraint UBRrFfDd). For 
each production facility and day for each 𝑝 ∈ 𝑃𝑅{𝑟} and each 𝑟 ∈ 𝑅𝐹{𝑓}, 
∑ 𝑚𝑟𝑅𝑟𝑃𝑝 ∗ 𝑃𝑟𝑜𝑑𝑃𝑝𝐹𝑓𝐷𝑑 ≤ 𝐼𝑛𝑣𝑅𝑟𝐹𝑓𝐷𝑑
𝑝∈𝑃𝑅{𝑟}
. (2) 
Notice that if units of raw material r required to produce each unit of product p 
are significantly different across production facilities because of labor, 
technology or machinery etc., then raw material conversion rates could be 
defined as mrRrPpFf. For this research, we assume that there is no significant 
difference or bill of materials for product p produced at each production facility. 
This constraint also assumes that raw materials received during the day will not 
be available for production until the next day. 
 
Sum of production times used on day d at production facility f cannot 
exceed total available operating time (constraint TPRODFfDd). For each 
production facility and day,  
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∑  ( (
1
𝑢𝑛𝑖𝑡𝑝𝑒𝑟ℎ𝑟
) ∗ 𝑃𝑟𝑜𝑑𝑃𝑝𝐹𝑓𝐷𝑑 + 𝑠𝑢𝑡𝑖𝑚𝑒𝐹𝑓 ∗ 𝑆𝑈𝐹𝑓𝐷𝑑 + 𝐼𝑑𝑙𝑒𝐹𝑓𝐷𝑑)
𝑝∈𝑃𝐹{f}
= 8 ∗ 𝑚𝑎𝑥𝑠ℎ𝑖𝑓𝑡𝑠 
(3) 
SUFfDd = [0,1]. If setup times are negligible, these binary constraints may be 
relaxed. 
 
Production of product p at production facility f on day d cannot occur 
unless the production facility is activated for production on that day (constraint 
FSUFfDd). For each production facility and day for each 𝑝 ∈ 𝑃𝐹{𝑓}, 
∑ 𝑆𝑈𝑃𝑝𝐹𝑓𝐷𝑑 ≤ 𝑆𝑈𝐹𝑓𝐷𝑑 .
𝑝∈𝑃𝐹{𝑓}
 (4) 
SUPpFfDd values attribute set up time to the production of individual product. If 
separate set up were required for each product, these equations would be 
replaced with sets of equations for set up of individual product. For this research, 
we assume that there is a single setup required if a production facility is to be 
activated for production during the day. SUPpFfDd in this formulation allocates 
production capacity to individual products. We, therefore, add a constraint that 
creates a single binary variable for each production facility during the day that 
accounts for setup to activate and shut down the production at production 
facility. 
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Raw materials inventory balance at production facility f (constraint 
IBRrFfDd). For each production facility and day for each 𝑟 ∈ 𝑅𝐹{𝑓} and each 𝑠 ∈
𝑆𝑅{𝑟}, 
𝐼𝑛𝑣𝑅𝑟𝐹𝑓𝐷𝑑+1 = 𝐼𝑛𝑣𝑅𝑟𝐹𝑓𝐷𝑑 − ∑  
𝑝∊𝑃𝑅{𝑟}
𝑚𝑟𝑅𝑟𝑃𝑝  ∗  𝑃𝑟𝑜𝑑𝑃𝑝𝐹𝑓𝐷𝑑  
+ ∑ (
𝑠∈𝑆𝑅{𝑟}
𝑆ℎ𝑝𝑅𝑟𝑆𝑠𝐹𝑓𝐷𝑑−𝜃(𝑠,𝑓) + 𝐼𝑡𝑠𝑅𝑟𝑆𝑠𝐹𝑓𝐷𝑑). 
(5) 
Note that the ItsRrSsFfDd variables are defined only for (r, s, f, d) combinations 
where there are raw materials in transit at beginning of the planning horizon and 
are scheduled to arrive at production facility f on day d for each  𝑑 ∈
𝐷𝑅𝑀𝑆{𝑟, 𝑠, 𝑓}. 
 
Place order of raw material r at beginning of day d to ensure safety stock 
at production facility f (constraint MNORrFfDd). For each production facility and 
day for each 𝑟 ∈ 𝑅𝐹{𝑓} and each 𝑠 ∈ 𝑆𝑅{𝑟},  
∑ (𝑂𝑅𝑟𝑆𝑠𝐹𝑓𝐷𝑑 + 𝑂𝑂𝑅𝑟𝑆𝑠𝐹𝑓𝐷𝑑) + 𝐼𝑛𝑣𝑅𝑟𝐹𝑓𝐷𝑑
𝑠∈𝑆𝑅{𝑟}
≥ 𝑚𝑖𝑛𝑖𝑛𝑣𝑅𝑟𝐹𝑓 − 𝑈𝑆𝑅𝑟𝐹𝑓𝐷𝑑−1. 
(6) 
Note that under storage of raw materials could occur at the beginning of Day 1. 
 
Restrict order of raw material r at beginning of day d to prevent 
overstock at production facility f (constraint MXORrFfDd ). For each production 
facility and day for each 𝑟 ∈ 𝑅𝐹{𝑓} and each 𝑠 ∈ 𝑆𝑅{𝑟},  
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∑ (𝑂𝑅𝑟𝑆𝑠𝐹𝑓𝐷𝑑 + 𝑂𝑂𝑅𝑟𝑆𝑠𝐹𝑓𝐷𝑑) + 𝐼𝑛𝑣𝑅𝑟𝐹𝑓𝐷𝑑
𝑠∈𝑆𝑅{𝑟}
≤ 𝑚𝑎𝑥𝑖𝑛𝑣𝑅𝑟𝐹𝑓 + 𝑂𝑆𝑅𝑟𝐹𝑓𝐷𝑑−1. 
(7) 
Note that over storage of raw materials could occur at the beginning of Day 1. 
 
Update under storage (constraint AUSRrFfDd) and overstocking 
(constraint AOSRrFfDd) of raw material r at production facility f at the end of day 
d.  For each production facility and day for each 𝑟 ∈ 𝑅𝐹{𝑓} and each 𝑠 ∈ 𝑆𝑅{𝑟}, 
𝐼𝑛𝑣𝑅𝑟𝐹𝑓𝐷𝑑 + 𝑈𝑆𝑅𝑟𝐹𝑓𝐷𝑑 − ∑ 𝑚𝑟𝑅𝑟𝑃𝑝 ∗ 𝑃𝑟𝑜𝑑𝑃𝑝𝐹𝑓𝐷𝑑
𝑝∈𝑃𝑅{𝑟}
+ ∑ (𝑆ℎ𝑝𝑅𝑟𝑆𝑠𝐹𝑓𝐷𝑑−𝜃(𝑠,𝑓) + 𝐼𝑡𝑠𝑅𝑟𝑆𝑠𝐹𝑓𝐷𝑑)
𝑠∈𝑆𝑅{𝑟}
≥ 𝑚𝑖𝑛𝐼𝑛𝑣𝑅𝑟𝐹𝑓 . 
(8) 
𝐼𝑛𝑣𝑅𝑟𝐹𝑓𝐷𝑑 − 𝑂𝑆𝑅𝑟𝐹𝑓𝐷𝑑 − ∑ 𝑚𝑟𝑅𝑟𝑃𝑝 ∗ 𝑃𝑟𝑜𝑑𝑃𝑝𝐹𝑓𝐷𝑑
𝑝∈𝑃𝑅{𝑟}
+ ∑ (𝑆ℎ𝑝𝑅𝑟𝑆𝑠𝐹𝑓𝐷𝑑−𝜃(𝑠,𝑓) + 𝐼𝑡𝑠𝑅𝑟𝑆𝑠𝐹𝑓𝐷𝑑)
𝑠∈𝑆𝑅{𝑟}
≤ 𝑚𝑎𝑥𝐼𝑛𝑣𝑅𝑟𝐹𝑓 . 
(9) 
Note that the ItsRrSsFfDd variables are defined only for (r, s, f, d) combinations 
where there are raw materials in transit at beginning of the planning horizon and 
are scheduled to arrive at production facility f on day d for each  𝑑 ∈
𝐷𝑅𝑀𝑆{𝑟, 𝑠, 𝑓}. 
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Total units of raw material r shipped from supplier s at the end of day d 
to satisfy orders acknowledged from production facility f at beginning of that day 
(constraint DLVRrSsFfDd). For each day and each 𝑠 ∈ SR {𝑟} for each production 
facility, 
𝑆ℎ𝑝𝑅𝑟𝑆𝑠𝐹𝑓𝐷𝑑 ≥   𝑂𝑅𝑟𝑆𝑠𝐹𝑓𝐷𝑑 . (10) 
 
Update outstanding orders of raw material r at production facility f at 
beginning of day d (constraint OOURrSsFfDd). For each production facility and day 
for each 𝑟 ∈ RF {𝑓} and each 𝑑 ∈ 𝐷𝑅𝑀𝑆{𝑟, 𝑠, 𝑓},  
𝑂𝑂𝑅𝑟𝑆𝑠𝐹𝑓𝐷𝑑+1
= 𝑂𝑂𝑅𝑟𝑆𝑠𝐹𝑓𝐷𝑑 + 𝑂𝑅𝑟𝑆𝑠𝐹𝑓𝐷𝑑 − 𝑆ℎ𝑝𝑅𝑟𝑆𝑠𝐹𝑓𝐷𝑑−𝜃(𝑠,𝑓)
− 𝐼𝑡𝑠𝑅𝑟𝑆𝑠𝐹𝑓𝐷𝑑 . 
(11) 
Note that the ItsRrSsFfDd variables are defined only for (r, s, f, d) combinations 
where there are raw materials in transit at beginning of the planning horizon and 
are scheduled to arrive at production facility f on day d for each  𝑑 ∈
𝐷𝑅𝑀𝑆{𝑟, 𝑠, 𝑓}.  OORrSsFfD1 should include sum of the ItsRrSsFFDd values for each 
day with scheduled arrivals. 
 
Update raw materials in transit from supplier s to production facility f 
(constraint RITRrSsFfDd) at beginning of day d. For each production facility and 
day for each 𝑟 ∈ RF {𝑓} and each 𝑑 ∈ 𝐷𝑅𝑀𝑆{𝑟, 𝑠, 𝑓}, 
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𝑇𝑟𝑅𝑟𝑆𝑠𝐹𝑓𝐷𝑑+1
= 𝑇𝑟𝑅𝑟𝑆𝑠𝐹𝑓𝐷𝑑 + 𝑆ℎ𝑝𝑅𝑟𝑆𝑠𝐹𝑓𝐷𝑑 − 𝑆ℎ𝑝𝑅𝑟𝑆𝑠𝐹𝑓𝐷𝑑−𝜃(𝑠,𝑓)
− 𝐼𝑡𝑠𝑅𝑟𝑆𝑠𝐹𝑓𝐷𝑑 . 
(12) 
Note that the ItsRrSsFfDd variables are defined only for (r, s, f, d) combinations 
where there are raw materials in transit at beginning of the planning horizon and 
are scheduled to arrive at production facility f on day d for each  𝑑 ∈
𝐷𝑅𝑀𝑆{𝑟, 𝑠, 𝑓}. TrRrSsFFD1 is set to sum of the ItsRrSsFfDd values for each day 
with scheduled arrivals of raw materials. 
 
Place order for product p at the beginning of day d to ensure desired 
safety stock at warehouse w (constraint MNOPpWwDd). For each warehouse and 
day for each 𝑝 ∈ 𝑃𝑊{𝑤}, 
∑ (𝑂𝑃𝑝𝐹𝑓𝑊𝑤𝐷𝑑 + 𝑂𝑂
𝑓∈𝐹{𝑓}
𝑃𝑝𝐹𝑓𝑊𝑤𝐷𝑑) + 𝐼𝑛𝑣𝑃𝑝𝑊𝑤𝐷𝑑
≥ 𝑚𝑖𝑛𝑖𝑛𝑣𝑃𝑝𝑊𝑤 − 𝑈𝑆𝑃𝑝𝑊𝑤𝐷𝑑−1. 
(13) 
Note that under storage of products can occur with associated penalty. 
 
Restrict order of product p at the beginning of day d to prevent overstock 
at warehouse w (constraint MXOPpWwDd). For each warehouse and day for each 
𝑝 ∈ 𝑃𝑊{𝑤},  
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∑ (𝑂𝑃𝑝𝐹𝑓𝑊𝑤𝐷𝑑 + 𝑂𝑂
𝑓∈𝐹{𝑓}
𝑃𝑝𝐹𝑓𝑊𝑤𝐷𝑑) + 𝐼𝑛𝑣𝑃𝑝𝑊𝑤𝐷𝑑
≤ 𝑚𝑎𝑥𝑖𝑛𝑣𝑃𝑝𝑊𝑤 + 𝑂𝑆𝑃𝑝𝑊𝑤𝐷𝑑−1. 
(14) 
Note that over storage of products can occur with associated penalty. 
 
Produce sufficient product p across plants to cover orders and provide 
production system-wide safety stocks (constraint MNSYSPpDd). For each day for 
each product across all plants, 
∑ (𝑃𝑟𝑜𝑑
𝑓∈𝐹{𝑓}
𝑃𝑝𝐹𝑓𝐷𝑑 + 𝐼𝑛𝑣𝑃𝑝𝐹𝑓𝐷𝑑)
≥ ∑ ∑ 𝑂𝑃𝑝𝐹𝑓𝑊𝑤𝐷𝑑
𝑤∈𝑃𝑊{𝑤}𝑓∈𝐹{𝑓}
+ 𝑚𝑖𝑛𝑠𝑦𝑠𝑖𝑛𝑣𝑃𝑝. 
(15) 
 
Restrict production of product p across plants on day d to prevent 
overstock in the production system (constraint MXSYSPpDd). For each day for 
each product across all plants, 
∑ (𝑃𝑟𝑜𝑑
𝑓∈𝐹{𝑓}
𝑃𝑝𝐹𝑓𝐷𝑑 + 𝐼𝑛𝑣𝑃𝑝𝐹𝑓𝐷𝑑)
≤ ∑ ∑ 𝑂𝑃𝑝𝐹𝑓𝑊𝑤𝐷𝑑
𝑤∈𝑃𝑊{𝑤}𝑓∈𝐹{𝑓}
+ 𝑚𝑎𝑥𝑠𝑦𝑠𝑖𝑛𝑣𝑃𝑝. 
(16) 
 
Ship sufficient finished goods from production facility f to cover orders 
placed at warehouse w on day d (constraint DLVPpFfWwDd). For each production 
facility and day for each p ∈ PF{f} and each 𝑝 ∈ 𝑃𝑊{𝑤}, 
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𝑆ℎ𝑝𝑃𝑝𝐹𝑓𝑊𝑤𝐷𝑑   ≥   𝑂𝑃𝑝𝐹𝑓𝑊𝑤𝐷𝑑. (17) 
 
Update over storage (constraint AOSPpFfDd) and under storage 
(constraint AUSPpFfDd) of product p at production facility f at the end of day d. 
For each production facility and day for each 𝑝 ∈ 𝑃𝐹{𝑓} and each 𝑝 ∈ 𝑃𝑊{𝑤}, 
𝐼𝑛𝑣𝑃𝑝𝐹𝑓𝐷𝑑 − 𝑂𝑆𝑃𝑝𝐹𝑓𝐷𝑑 + 𝑃𝑟𝑜𝑑𝑃𝑝𝐹𝑓𝐷𝑑
− ∑ (𝑆ℎ𝑝𝑃𝑝𝐹𝑓𝑊𝑤𝐷𝑑 + 𝐴𝑙𝑡𝑃𝑝𝐹𝑓𝑊𝑤𝐷𝑑)
𝑤∈𝑊𝑃{𝑝}
≤ 𝑚𝑎𝑥𝐼𝑛𝑣𝑃𝑝𝐹𝑓 . 
(18) 
𝐼𝑛𝑣𝑃𝑝𝐹𝑓𝐷𝑑 + 𝑈𝑆𝑃𝑝𝐹𝑓𝐷𝑑 + 𝑃𝑟𝑜𝑑𝑃𝑝𝐹𝑓𝐷𝑑
− ∑ (𝑆ℎ𝑝𝑃𝑝𝐹𝑓𝑊𝑤𝐷𝑑 + 𝐴𝑙𝑡𝑃𝑝𝐹𝑓𝑊𝑤𝐷𝑑)
𝑤∈𝑊𝑃{𝑝}
≥ 𝑚𝑖𝑛𝐼𝑛𝑣𝑃𝑝𝐹𝑓 . 
(19) 
 
Limit shipments of product p from production facility f to warehouses on 
day d to the amount available in production facility inventory (constraint 
SLPpFFDd). For each production facility and day for each 𝑝 ∈ 𝑃𝐹{𝑓} and each 𝑝 ∈
𝑃𝑊{𝑤}, 
∑ (𝑆ℎ𝑝𝑃𝑝𝐹𝑓𝑊𝑤𝐷𝑑 + 𝐴𝑙𝑡𝑃𝑝𝐹𝑓𝑊𝑤𝐷𝑑) ≤
𝑤∈𝑊𝑃{𝑝}
𝐼𝑛𝑣𝑃𝑝𝐹𝑓𝐷𝑑 . (20) 
This also implies that production of product p during day d will not be available 
for delivery until the next day. 
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Account for inventory balance of products at production facility f  at the 
end of day d (constraint IBPpFfDd). For each production facility and day for each 
𝑝 ∈ 𝑃𝐹{𝑓} and each 𝑝 ∈ 𝑃𝑊{𝑤}, 
𝐼𝑛𝑣𝑃𝑝𝐹𝑓𝐷𝑑+1 = 𝐼𝑛𝑣𝑃𝑝𝐹𝑓𝐷𝑑 + 𝑃𝑟𝑜𝑑𝑃𝑝𝐹𝑓𝐷𝑑
− ∑ (𝑆ℎ𝑝𝑃𝑝𝐹𝑓𝑊𝑤𝐷𝑑 + 𝐴𝑙𝑡𝑃𝑝𝐹𝑓𝑊𝑤𝐷𝑑)
𝑤∈𝑊𝑃{𝑝}
. 
(21) 
 
Deliver goods from warehouse or alternative source (production facility) 
to satisfy customer demand and acknowledge lost sales if inventory is 
insufficient (constraint DLVPpWwDd). For each warehouse and day for each 𝑝 ∈
𝑃𝑊{𝑤}, 
𝐷𝑒𝑙𝑃𝑝𝑊𝑤𝐷𝑑 + 𝐿𝑆𝑃𝑝𝑊𝑤𝐷𝑑 + ∑ 𝐴𝑙𝑡𝑃𝑝𝐹𝑓𝑊𝑤𝐷𝑑
𝑓∈𝐹{𝑓}
= 𝐷𝑒𝑚𝑃𝑝𝑊𝑤𝐷𝑑 . (22) 
 
Account for inventory balance of product p at warehouse w recognizing 
inbound shipping delays (constraint IBPpWwDd) at the end of day d.  For each 
warehouse and day for each 𝑝 ∈ 𝑃𝑊{𝑤},  
𝐼𝑛𝑣𝑃𝑝𝑊𝑤𝐷𝑑+1 = 𝐼𝑛𝑣𝑃𝑝𝑊𝑤𝐷𝑑 − 𝐷𝑒𝑙𝑃𝑝𝑊𝑤𝐷𝑑
+ ∑ (𝑆ℎ𝑝𝑃𝑝𝐹𝑓𝑊𝑤𝐷𝑑−𝛿(𝑓,𝑤) + 𝐼𝑡𝑠𝑃𝑝𝐹𝑓𝑊𝑤𝐷𝑑)
𝑓∈𝐹{𝑓}
. 
(23) 
Note that the ItsPpFFWWDd variables are defined only for (p, f, w, d) combinations 
where there are finished goods in transit at the beginning of the planning 
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horizon and are scheduled to arrive at warehouse w on day d for each 𝑑 ∈
𝐷𝐹𝐺𝑆{𝑝, 𝑓, 𝑤}. 
 
Update over storage (constraint AOSPpWwDd) or under storage 
(constraint AUSPpWwDd) of product p at warehouse w at the end of day d. For 
each warehouse and day for each 𝑝 ∈ 𝑃𝑊{𝑤}, 
𝐼𝑛𝑣𝑃𝑝𝑊𝑤𝐷𝑑 + 𝑈𝑆𝑃𝑝𝑊𝑤𝐷𝑑 − 𝐷𝑒𝑙𝑃𝑝𝑊𝑤𝐷𝑑
+ ∑ (𝑆ℎ𝑝𝑃𝑝𝐹𝑓𝑊𝑤𝐷𝑑−𝛿(𝑓,𝑤) + 𝐼𝑡𝑠𝑃𝑝𝐹𝑓𝑊𝑤𝐷𝑑)
𝑓∈𝐹{𝑓}
≥ 𝑚𝑖𝑛𝑖𝑛𝑣𝑃𝑝𝑊𝑤. 
(24) 
𝐼𝑛𝑣𝑃𝑝𝑊𝑤𝐷𝑑 − 𝑂𝑆𝑃𝑝𝑊𝑤𝐷𝑑 − 𝐷𝑒𝑙𝑃𝑝𝑊𝑤𝐷𝑑
+ ∑ (𝑆ℎ𝑝𝑃𝑝𝐹𝑓𝑊𝑤𝐷𝑑−𝛿(𝑓,𝑤) + 𝐼𝑡𝑠𝑃𝑝𝐹𝑓𝑊𝑤𝐷𝑑)
𝑓∈𝐹{𝑓}
≤ 𝑚𝑎𝑥𝑖𝑛𝑣𝑃𝑝𝑊𝑤. 
(25) 
Note that the ItsPpFFWWDd variables are defined only for (p, f, w, d) combinations 
where there are finished goods in transit at the beginning of the planning 
horizon and are scheduled to arrive at warehouse w on day d for each 𝑑 ∈
𝐷𝐹𝐺𝑆{𝑝, 𝑓, 𝑤} . 
 
Update outstanding orders for product p at warehouse w at the end of 
day d (constraint OOUPpFFWwDd). For each warehouse and day for each 𝑝 ∈
𝑃𝑊{𝑤} and each 𝑑 ∈ 𝐷𝐹𝐺𝑆{𝑝, 𝑓, 𝑤}, 
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𝑂𝑂𝑃𝑝𝐹𝑓𝑊𝑤𝐷𝑑+1
= 𝑂𝑂𝑃𝑝𝐹𝑓𝑊𝑤𝐷𝑑 + 𝑂𝑃𝑝𝐹𝑓𝑊𝑤𝐷𝑑 − 𝑆ℎ𝑝𝑃𝑝𝐹𝑓𝑊𝑤𝐷𝑑−𝛿(𝑓,𝑤)
− 𝐼𝑡𝑠𝑃𝑝𝐹𝑓𝑊𝑤𝐷𝑑 . 
(26) 
Note that the ItsPpFFWWDd variables are defined only for (p, f, w, d) combinations 
where there are finished goods in transit at the beginning of the planning 
horizon and are scheduled to arrive at warehouse w on day d for each 𝑑 ∈
𝐷𝐹𝐺𝑆{𝑝, 𝑓, 𝑤}. OOPpFFWwD1 should include sum of the ItsPpFFWWDd values for 
each day with scheduled arrivals. 
 
Update finished goods in transit to reflect shipments and receipts 
(constraint GITPpFfWwDd) at the end of day d. For each warehouse and day for 
each 𝑝 ∈ 𝑃𝑊{𝑤} and each 𝑑 ∈ 𝐷𝐹𝐺𝑆{𝑝, 𝑓, 𝑤},  
𝑇𝑟𝑃𝑝𝐹𝑓𝑊𝑤𝐷𝑑+1
= 𝑇𝑟𝑃𝑝𝐹𝑓𝑊𝑤𝐷𝑑 + 𝑆ℎ𝑃𝑝𝐹𝑓𝑊𝑤𝐷𝑑 − 𝑆ℎ𝑝𝑃𝑝𝐹𝑓𝑊𝑤𝐷𝑑−𝛿(𝑓,𝑤)
− 𝐼𝑡𝑠𝑃𝑝𝐹𝑓𝑊𝑤𝐷𝑑. 
(27) 
Note that the ItsPpFFWWDd variables are defined only for (p, f, w, d) combinations 
where there are finished goods in transit at the beginning of the planning 
horizon and are scheduled to arrive at warehouse w on day d for each 𝑑 ∈
𝐷𝐹𝐺𝑆{𝑝, 𝑓, 𝑤}. TrPpFfWwD1 is set to sum of the ItsPpFfWWDd values for each day 
with scheduled arrivals. 
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As formulated with the warehouse inventory balance constraint (23), 
products that arrive in a day may be cross-docked and shipped out immediately 
if there is demand for them on that day rather than putting them into inventory.  
Such shipments could be delayed until the next day by adding a constraint 
(constraint CDPpWWDd) that delivery of product p at warehouse w in a day can’t 
exceed the beginning inventory of that product in that day. For each warehouse 
and day for each 𝑝 ∈ 𝑃𝑊{𝑤}, 
𝐷𝑒𝑙𝑃𝑝𝑊𝑤𝐷𝑑   ≤  𝐼𝑛𝑣𝑃𝑝𝑊𝑤𝐷𝑑 . (28) 
 
 All variables are nonnegative. To facilitate extraction of the solution in 
the report generator, we define variable ARRPpFfWWDd to be the finished goods 
shipped from all production facilities that arrive at the warehouse in day d which 
will be shipped in this planning horizon and establish their equality in constraints 
that define inbound freight (constraint IBPpFfWWDd). We also define variable 
ARRRrSsFfDd to be the amount of raw material r shipped from supplier s to arrive 
at production facility f on day d. They are set equal to the corresponding 
outbound shipments as follows (constraint IBRrSsFfDd), 
  
𝐴𝑅𝑅𝑃𝑝𝐹𝑓𝑊𝑤𝐷𝑑 = 𝑆ℎ𝑝𝑃𝑝𝐹𝑓𝑊𝑤𝐷𝑑−𝛿(𝑓,𝑤). (29) 
𝐴𝑅𝑅𝑅𝑟𝑆𝑠𝐹𝑓𝐷𝑑 = 𝑆ℎ𝑝𝑅𝑟𝑆𝑠𝐹𝑓𝐷𝑑−𝜃(𝑠,𝑓). (30) 
 
Note that variables of ItsPpFfWWDd and ItsRrSsFfDd represent goods in 
transit to arrive as a result of initial conditions, while that of ShpPpFfWWDd and 
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ShpRrSsFfDd indicate when goods arrive from shipments in the current planning 
frame. We also provide the examination of the characteristic behaviors of the 
optimization model in Appendix C.  
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Chapter 4 Investigating the Optimizing Model’s Behavior 
 
The purpose of this chapter is to demonstrate how solutions from the 
optimizing model may vary when different planning horizons are used and when 
initial inventories are set at different levels. We investigate the average daily net 
profit contribution (NPC) projected over the planning horizon, and the character 
of procurement plans, production schedules and distribution plans that result.   
Most importantly, this chapter demonstrates that an optimizing model that 
recognized revenues according to standard accounting practice (i.e., when goods 
are sold to customers rather than when they are produced) can be 
counterproductive when too short a planning horizon is employed. 
 
4.1 Problem Description 
 
This chapter considers three cases where initial inventories are at 
minimum levels (Case A), maximum levels (Case B), and values distributed 
uniformly at random between min and max but also with a random 20% of 
outages at warehouses (Case C). All cases were developed under the 
assumptions that product demands are normally distributed (with truncation of 
negative values to 0) with constant means and assuming that no disruptions will 
occur in the supply chain during the chosen planning horizon. Actual demand is 
known only for the first period. Because revenues are realized only when 
products are sold, the optimizing model ignores revenues that will be realized 
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from deliveries to warehouses that would support sales of product beyond the 
planning horizon.  This can be a major problem when long lead times are 
required to replenish warehouse inventories. The procurement of raw materials, 
production schedules, and distribution plans at production facilities in the first 
period of the model’s planning solution (which is implemented on a rolling 
horizon before revising the schedule with new information) might differ 
dramatically with varying lengths of planning horizon. 
4.2 Inventory Reorder Points 
 
The optimizing model determines the acquisition of raw materials, 
production at plants, distribution of goods to warehouses, and shipments from 
warehouses in response to customer demand.  It incorporates parameters for 
provision of safety stocks and safety times. The optimization model may also 
incorporate variables that represent responses for event management 
(alternative deliveries of products directly from plants to satisfy customer 
demand or adding shifts when production must be intensified). The production 
module considers setup times for production lots, availability of productive 
resources (raw materials, equipment and/or labor), and production rates for 
different products. 
As stated in Chapter 3, this research considers five key characteristics in 
the supply chain: minimum inventory levels of raw materials at plants, minimum 
inventory levels of finished products at plants, minimum inventory levels of 
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products at warehouses, minimum system-wide inventories of finished goods, 
and the length of production planning horizon.  
Because demand and lead time both vary, the calculation of product re-
order points (ROP) at warehouses is done in three steps. In the first step, this 
research uses a ROP model with safety stocks to set minimum inventory levels 
with independent demand for each product at each warehouse (Heizer and 
Render, 2014). In the second step, the research allocates warehouse demands at 
plants with a gravity model (Smith and Moses, 1996) based on plant’s unit supply 
cost. Table 4-1 contains the resulting inventory requirements at selected 
warehouse under different desired customer service levels. The complete table 
for products’ minimum inventories associated with different customer service 
level at all warehouses can be found in Appendix B “ROP Calculation Steps”.  
 Table 4-1 Warehouse Minimum Product Inventories in Days of Expected Demand 
 
Warehouse 1   
(95% Service Level) 
Warehouse 1   
(98% Service Level) 
Warehouse 1     
(99% Service Level) 
P1 17 19 19 
P2 17 18 19 
P3 18 19 20 
P4 18 19 19 
P5 18 20 21 
P6 18 19 20 
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In the optimization model, warehouse orders will be placed with the 
most economical alternatives under the present conditions and constraints, 
including consideration of shortage penalties imposed in the model. Since the 
warehouses will not always get finished products from the cheapest source, 
certain portion of a period’s orders are placed with the second or the third 
sources. The gravity model, without considering supply constraints at the 
production facilities, is used as a crude mechanism for allocating demand when 
setting safety stocks.  
The expected production every day determines the daily raw material 
requirements at each production facility. The minimum inventory level of a raw 
material at each plant is set to a weighted average of what would be required if 
solely procured from each supplier, where the weight is the volume of business 
assigned to a supplier based on the gravity model. Table 4-2 presents the 
calculated lower bounds of raw material across plants. 
                  Table 4-2 Minimum Raw Material Inventories in Days of Expected Production 
 F1 F2 F3 
R1 21 23 23 
R2 14 11 25 
R3 22 27 18 
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For this exercise, we shall assume that the minimum inventory equals 
zero and the maximum inventory of finished products at each plant equals to 
one day of its corresponding expected production quantities from the gravity 
model. To cope with SC risks, buffer inventories can be strategically placed 
across production and distribution facilities. The optimization model utilizes 
maxsysinv and minsysinv to allocate finished product inventories across plants as 
buffers to cope with disruptions or unusual events in the supply chain. Table 4-3 
displays inventory boundary conditions of finished products at each plant in days 
of expected production quantities and Table 4-4 presents production system-
wide inventory requirements of finished products in corresponding units. Note 
that in Table 4-4, the maximum system-wide inventory for each product equals 
to one day of total assigned average demand of that product at all warehouses. 
                         Table 4-3 Product Inventory Limits at Plant  
 
Individual Plant  
(Days of expected production) 
mininvfp 0 
maxinvfp 1 
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             Table 4-4 Production System-wide Product Inventory Limits 
 minsysinv maxsysinv 
P1 0 702 
P2 0 984 
P3 0 273 
P4 0 381 
P5 0 78 
P6 0 105 
 
We assume that limited space also restricts the maximum level of raw 
material inventories at each plant to supply no more than 30 days of expected 
production and the maximum amount of product inventories carried at each 
warehouse to satisfy no more than 30 days of expected demand. Of course, this 
restriction would have to be set according to the physical constraints and costs 
structures in a practical setting. 
We vary initial conditions to reflect different safety times incorporated in 
the supply chain as buffers to cope with supply chain risks. In a practical matter, 
the varying initial conditions at beginning of the planning horizon can also 
capture changes in the state of the system when events occur in the supply chain 
as these conditions can affect the optimality of the MILP model (Wang and 
Gerchak, 1996). Two cases with opposite (minimum and maximum) initial 
conditions are presented in the next section, along with a special case in which 
initial inventory is set at zero for 20% of product-warehouse combinations that 
are randomly chosen. Each of the three cases will be investigated with long and 
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short planning horizons as we study the character of procurement plans, 
production schedules and distribution plans that emerge from the optimization 
model. 
4.2 Scenario Analysis 
 
 In Case A, raw material inventories at production facilities, finished 
product inventories across plants, production system-wide finished product 
inventories, and product inventories at warehouses are all set at their 
corresponding minimum values. Desired customer service level at warehouses 
for all products is set at 95% when determining lower bounds on inventory.  
With a 5-day production planning horizon, the model yields a total NPC of 
$78,685.94 with $15,737.19 NPC per day. Daily NPC associated with the length of 
planning horizons is presented in Figure 4-1 below.  
Starting with all inventories at their minimum levels, daily NPC 
deteriorates drastically at first when increasing the length of planning horizon 
and reaches the lowest with 15-day planning horizon. Increasing the length of 
planning horizon further along, daily NPC starts to increase (start with 20-day 
planning horizon). Although NPC per day variates with different length of 
planning horizon, total NPC increases with longer planning horizon because more 
demands are being satisfied. Note, however, that the daily NPC from the 
optimizing model is not an indication of the expected NPC per day that would be 
achieved when the solutions are implemented in practice (Next chapter will 
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simulate the implementation of the solution with a rolling horizon to determine 
the latter). It reveals, however, the extent to which the optimizing model, with a 
given planning horizon, is taking into consideration future revenues versus 
production and distribution costs. 
 
 
Figure 4-1 Case A Daily NPC Outcomes 
 
To take the advantage of longer planning horizon and achieve higher 
total NPC, orders of raw materials are placed with a mix of suppliers as shown in 
Table 4-5. For selected plants and raw materials in Table 4-5, the left panel 
shows the procurement of raw materials with a 10-day planning horizon, while 
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the right panel illustrates such raw material purchasing activities with a 15-day 
planning horizon. 
Production and distribution schedules are affected dramatically by choice 
of planning horizon, as revealed in Table 4-6. Table 4-6 shows how production 
capacity is allocated among products each day (with .125 *8 =1 hour allocated 
for set-up and shut down in each plant).  For a 5-day planning horizon, because 
all inventories are at their corresponding lower limits, all products are being 
produced at Plant 1 and Plant 2 as shown in the left panel of Table 4-6. However, 
for longer planning horizons, production schedules are similar as presented in 
the right panels of Table 4-6.  Note that P3 is not produced with 45-day planning 
horizon because production capacity can be allocated to more profitable 
products and these products can be delivered in time (within 45 days) to realize 
revenues. 
Although production schedules are similar when longer planning horizons 
are incorporated, distribution plans differ significantly as shown in Table 4-7.  
With initial inventories all at minimum level, short planning horizons result in low 
order fulfillment at warehouses (left panel in Table 4-7). Increasing the length of 
planning horizon, more shipments are made in response to warehouse orders 
(right panels in Table 4-7).  
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  Table 4-5 Case A Procurement of Raw Materials  
 
From 10-day Solution From 15-day Solution 
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Table 4-6 Case A Allocation of Production Capacity  
 
From 5-day Solution From 30-day Solution From 45-day Solution 
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From 15-day Solution 
From 30-day Solution 
From 45-day Solution 
                         Table 4-7 Case A Distribution Plans  
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To further evaluate the impact of initial conditions on system 
performance in terms of daily NPC and the impact of planning horizons on 
procurement plans, production schedules, and distribution plans, Case B was 
developed.  While keeping all other initial settings the same as Case A (95% 
service level and one shift), Case B sets beginning raw material inventories at 
production sites, finished product inventories at plants, production system-wide 
finished product inventories, and product inventories at warehouses all at 
maximum level. NPC per day associated with different length of planning horizon 
is presented in Figure 4-2.  
 
                  Figure 4-2 Case B Daily NPC Outcomes 
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With maximized safety stock incorporated into the system, under a 5-day 
planning horizon, there is no motivation to set up plants for production because 
current product inventories at warehouses are sufficient to satisfy customer 
demands.  Raw material inventories are also sufficient for production of 
corresponding products if the planning horizon is short (up to 15 days for R1, R2 
and up to 10 days for R3 across production facilities in ICB). Longer planning 
horizons stimulate production activities and trigger the procurement of raw 
materials as shown in Table 4-9. However, when to place the order of raw 
materials at what quantity with which supplier vary with the length of planning 
horizon (right panel in Table 4-9). 
Table 4-10 presents warehouse activities for the same problem that 
differs only with the length of planning horizon. The left panel in Table 4-10 
shows warehouse activities with a 15-day planning horizon. Corresponding 
activities with 45-day planning horizon are presented in the right panel. 
Increasing the length of planning horizons in Case B triggers orders to satisfy 
future customer demand and avoid future inventory shortage penalties. Orders 
are made in the early periods with anticipated benefits from delivery of goods 
with long shipping delays. However, how many units of products to order, when 
orders are placed, and where orders are placed, all vary over the planning 
horizon. Note, for example, the outstanding orders of product 3 at warehouse 2 
on day 8 with relatively short planning horizon (15-day as the left panel in Table 
4-10). More orders are placed at the plant with shorter lead time but higher 
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supply costs to avoid lost sales and inventory shortage penalty. With the longer 
planning horizon (45-day as the right panel in Table 4-10), more orders are 
placed at the plant with lower supply costs but long shipping delays. Order 
patterns at the warehouse reflect “consolidation” strategies intended to reduce 
costs when longer planning horizons are used.  More production is consolidated 
at the plant that can most economically supply the warehouse. Additionally, 
“flexibility” is exercised as deliveries to a warehouse are allowed to occur from 
alternative plants.  Initial raw material inventories at plants and the length of 
planning horizon together affect plants’ production schedules, procurement of 
raw materials and distribution plans. 
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                 Table 4-8 Case B Facility Production Set up  
 
From 15-day Solution From 30-day Solution From 45-day Solution 
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          Table 4-9 Case B Procurement of Raw Materials  
 
From 30-day Solution From 45-day Solution 
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                   Table 4-10 Case B Warehouse Activities  
 
From 15-day Solution From 45-day Solution 
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To further investigate the impact of inventories and planning horizon on 
planned system performance for the given objective function, Case C was 
developed. In Case C, initial inventories (raw materials, finished products at 
plants and in warehouses) are set between the lower and upper limits using a 
uniform probability distribution. In addition, this research randomly chooses 20% 
of product-warehouse combinations for which initial inventory is set at zero. 
Given the cost structure of the optimizing model, the main purpose of Case C is 
to demonstrate that an “expediting trap” can occur when inventory is exhausted 
and too short a time horizon is used in optimizing flows in the supply chain. Such 
random outages can occur with a disruption or unusual event which depletes 
inventories at the warehouse. Figure 4-3 illustrates NPC per day resulted from 
different planning horizons for Case C. 
Compared with other cases, daily NPC in Case C drops significantly when 
short planning horizons (up to 30 days) are employed. This dramatic reduction in 
NPC per day is driven by the combination of inventory shortage costs at the 
warehouse and changes in the distribution plans (as shown in Table 4-11). The 
new distribution pattern illustrates that when disruption or unusual event alters 
the state of the system, the short planning horizon leads to an “expediting trap” 
whereby customer demands are satisfied solely from high-cost alternative 
deliveries made directly from the plant, because there is insufficient time in the 
planning horizon to capture revenues from products delivered to the warehouse 
(due to long shipping times).  
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                        Figure 4-3 Case C Daily NPC outcomes 
 
If a 15-day horizon were used instead for planning in the period following 
the stockouts (see the right panel of Table 4-11), warehouses place orders, 
goods are shipped to warehouses to satisfy later demands and the expediting 
trap is at least partially avoided.  Note how WH3 partially restore the inventory 
of product 3. 
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       Table 4-11 Case C Warehouse Activities  
 
From 5-day Solution From 15-day Solution 
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4.3 Summary 
 
The primary purpose of this chapter has been to illustrate the character 
of procurement plans, production schedules and distribution plans that result 
when different planning horizons are used for the optimization model and when 
initial inventories are at different levels. Although NPC per day from the 
optimizing model is not an indication of the expected daily NPC that would be 
achieved under different planning horizons, it illustrates that how the optimizing 
model with an objective function of maximizing net contribution to profit takes 
into account future revenues versus costs for a given planning horizon. Case A 
and Case B both demonstrate the importance of using a sufficiently long 
planning horizon to avoid counterproductive effects of short-term optimization 
for the given objective function. As planning horizon lengthens, NPC per day 
associated with Case A and Case B in Figure 4-4 clearly reveal a tendency to 
converge.  
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Figure 4-4 Comparison of Daily NPC Outcomes 
  
Though the ideal situation is to show the convergence of daily NPC 
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In the course of these experiments, it became apparent that solutions 
from the MILP model regarding procurement, production and distribution can be 
very sensitive to small changes in cost parameters even when values to the 
objective function overall are not. In developing the optimizing model, the 
researcher observed how minuscule differences in costs associated with goods in 
transit could cause goods either to be retained at the plant until the latest 
possible moment or shipped out at the earliest possible moment.  This has 
obvious implications for “postponement” strategies intended to reduce risk. 
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                             Table 4-12 Allocations of Production Capacity in Production Schedules  
 
From 90-day Solution From 120-day Solution From 150-day Solution 
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In summary, as researchers and practitioners construct optimizing model 
to optimize the flows in the supply chain, they will find that the length of the 
planning horizon and the initial inventory levels can both have profound effects 
on solutions.  In practice, a 20-day planning horizon, considering ocean shipping 
times, may be too short for an international supply chain and may cause an 
optimizing model to be counterproductive.  The organization may fall into an 
expediting trap whereby goods are expedited perpetually to compensate for 
outages at warehouses after a major disruption or unexpected surge in demand. 
This raises a series of research questions as stated in the following: 
1. What rolling planning horizon should be adopted in order to achieve high SC 
performance for a given objective function and performance metrics?  
2. Can a different approach in formulating the objective function counter the 
effects associated with too short a planning horizon?  
3. How might different approaches in formulating the objective function affect 
various SC performance metrics? 
4. How sensitive is the supply chain performance resulted from the optimizing 
model to the choice of the length of rolling planning horizon or the approach 
in the objective function? 
 
In an effort to search answers for these research questions and explore 
optimal choices to facilitate managerial decision making in planning 
procurement, production and distribution, and also to achieve better 
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performance, experiments will be conducted in the following chapters. The 
simulation model with an embedded optimizer is introduced to consider the 
effects of random operational variations that normally occur. 
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Chapter 5 Supply Chain Optimization on a Rolling Horizon  
 
Research questions Q1 and Q2 are addressed in this chapter: 
 Q1: What rolling horizon length should be adopted in order to 
achieve higher SC performance for a given objective function and 
performance metrics? 
 Q2: Can a “value-added” complement to the SCM objective function 
mitigate the sub-optimization that occurs when the planning horizon 
is shorter than the time required to capture the effects of all relevant 
events (procurement, production and deliveries) upstream and 
downstream? 
 
5.1 Problem Descriptions 
 
As stated in the previous chapter, an optimization model may be 
counterproductive if too short a planning horizon is used. To answer Q1, 
theoretically, the length of the rolling planning horizon should include at least 
the longest lead time upstream and downstream plus the revision period (in 
practice, the revision period can refer to the production cycle time).  However, 
this length of planning horizon may require excessive computational time to 
generate a solution and may not be practical for a real business setting. In order 
to conduct the experiments more efficiently and reach a comprehensive 
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understanding of the impacts associated with the length of the planning horizon, 
we revise the upstream and downstream lead times and present them in Table 
5-1 and Table 5-2. Note that ROPs for raw materials across plants and finished 
products at warehouses are revised accordingly. 
Table 5-1 Shortened Upstream Lead Time with CV 
Supplier 
Average Lead Time 
Lead Time Coefficient of 
Variation 
F1 F2 F3 F1 F2 F3 
S1 7 7 7 0.15 0.15 0.15 
S2 10 10 10 0.15 0.15 0.15 
S3 5 5 7 0.15 0.15 0.15 
S4 7 7 10 0.15 0.15 0.15 
S5 5 7 5 0.15 0.15 0.15 
S6 10 10 7 0.15 0.15 0.15 
 
Table 5-2 Shortened Downstream Lead Time with CV 
  
Average Lead Time 
Lead Time Coefficient of 
Variation 
F1 F2 F3 F1 F2 F3 
WH1 3 5 5 0.15 0.15 0.15 
WH2 3 5 7 0.15 0.15 0.15 
WH3 5 3 7 0.15 0.15 0.15 
WH4 5 3 7 0.15 0.15 0.15 
WH5 5 5 3 0.15 0.15 0.15 
WH6 5 5 3 0.15 0.15 0.15 
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These changes result the longest average downstream lead time at 7 days 
and that in upstream at 10 days. Thus, the SC performance associated with a 10-
day rolling planning horizon (H10) and a 20-day rolling planning horizon (H20) 
will be both examined in this chapter. 
When Jung et al., 2004 employed the rolling optimization horizon to 
investigate safety stocks needed to cope with demand uncertainty, one 
important assumption they made is that the downstream lead time (from plant 
to each custom) is less than the chosen length of rolling horizon. This assumption 
indicates their chosen length of the rolling planning horizon only considers the 
longest downstream lead time. Their analytical toolbox is considered “robust”; 
however, it does not take into account upstream activities which may pose 
constraints on production and alter the “optimal” production schedule 
significantly. To address this shortcoming, this research takes into account 
upstream activity in the SC.  
Scenario 1 is developed in which the initial raw material inventories at 
each plant, the finished product inventories at each plant and finished products 
in each warehouse are all placed at 5% above their corresponding lower bounds. 
Scenario 1 sets the initial inventories close to targets of the popular lean 
environment, and, more importantly, assures that there will be no significant 
confounding of statistical results for product characteristics, plants, and 
warehouses due to differential amounts of the initial inventories.  
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5.2 Analytical Model Description 
 
A hybrid model that consists of a simulation model and an integrated 
optimization model is developed on a SAS 9.4 platform to solve the multi-period 
SC planning problems. Each replication plans 90 days (an entire season) of 
activities with a rolling optimization horizon. Twenty-five (25) replications are 
conducted for each scenario and the results are analyzed to determine the 
extent to which differences in performance metrics are attributable to 
systematic versus random variation. For the purpose of this research, the 
planning revision period is fixed at one day to offer maximum responsiveness to 
immediate demands. Solutions from the optimizing model for the first day are 
extracted and saved in a SAS dataset used by the simulation model to induce 
production, flows of finished goods, orders from warehouses and orders of raw 
material in the optimization model. These solutions contain the following 
information: 
1) Raw material inventory level at each plant. 
2) Outstanding orders of raw materials at each plant. 
3) Raw materials in transit to each plant. 
4) Amount of each product produced at each plant. 
5) Finished product inventories at each plant. 
6) Finished product inventories at each warehouse. 
7) Outstanding orders of products at each warehouse. 
8) Finished products in transit at each warehouse. 
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Product demands are revealed at the beginning of each day of simulated 
supply-chain activity.  Therefore, the first period’s demand is presumed to be 
known with certainty, but knowledge of subsequent demands is restricted to 
their means and standard deviations.   The simulation model generates product 
demands and delivery dates according to specified distributions, reads the 
extracted solutions from the library of SAS datasets (tables or spreadsheets 
generated by the optimizing model, and updates datasets that represent the 
new states of the system including   finished goods in transit and raw materials in 
transit.  Randomly generated delivery dates for raw materials and finished goods 
are set when orders are placed and goods are shipped.  They are not altered as 
successive iterations occur on the rolling horizon.  The optimization model reads 
information from the updated datasets at the end of the simulated day as its 
new initial conditions and solves the problem for the fixed number of days in the 
planning horizon (e.g., Day2 to Day 16 in the second iteration of a 15-day 
planning horizon).  This iterative process continues until it reaches the end of the 
planning horizon (where the solution is developed for Day 90 to Day 104 and just 
implemented for Day 90).  The optimization model and simulation models are 
thus used in concert to develop SC plans that attempt to maximize the net profit 
contribution while controlling for risk.  Note that the simulation results are used 
to compute NPC per day with traditional measures (excluding the value-added 
component which is intended to shape solutions that guarantee a successful 
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ongoing enterprise).    Figure 5-1 illustrates the interactive process between the 
simulation model and the optimization model.  
     Figure 5-1  Interactive Process of Simulation and Optimization Models 
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5.3 Simulation Verification 
 
The simulation model is intended to capture the daily operational 
variations in the SC. These variations include upstream and downstream shipping 
times and product demands.  In this research, upstream and downstream lead 
times, as well as product demands are assumed to follow normal distributions 
with constant means.   
5.3.1 Steps in the simulation model 
 
1. Set number of replications and number of days to be simulated 
2. Read in optimization model initial conditions 
a. Product-Warehouse information  
i. Current product inventory 
ii. Average daily demand 
iii. Standard deviation of daily demand 
iv. Average lead time for delivery from plant to warehouse 
v. Standard deviation of delivery time from plant to warehouse 
vi. Current amount of finished products in transit from each plant 
b. Inventories at the plant  
i. Current product inventories at each plant 
ii. Current raw material inventories at each plant 
iii. Average lead time for delivery from supplier to plant 
iv. Standard deviation of delivery time from supplier to plant 
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v. Current amount of raw materials in transit from each supplier 
3. Generate daily demands at each warehouse for each product for the current 
day. 
4. Simulate product shipments from each plant to each warehouse and assign 
the arrival day randomly (with fixed mean and standard deviation) for each 
shipment. 
5. Simulate raw material shipments ordered from the supplier on the current 
day from each supplier by generating arrival days of raw material that will be 
in transit to each plant.  Terminate the simulation if Day 90 has been 
completed.  If not, proceed to Step 6. 
6. Update initial conditions for the optimization model according to the state of 
the system at the end of the previous day’s simulated activity. 
7. Return to step 2 to re-plan using the chosen planning horizon. 
To verify the logic and behavior of the simulation model, a scenario is 
developed in which no adverse events occur in the supply chain and beginning 
inventories (raw materials and finished products at plants and finished goods at 
warehouses) are randomly set between lower bounds and upper bounds. For 
simplification, 2 replications of 5 days of simulated activity with a 20-day rolling 
planning horizon are conducted. In a full replication, the first planning interval is 
from Day 1 to Day 20, the second planning interval is from Day 2 to Day 21, …, 
and the last planning interval is from Day 90 to Day 109.   
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5.3.2 Raw Material Inventory Verification 
 
The initial raw materials in transit with scheduled arrival dates are given 
in Table 5-3. 
   Table 5-3 Period One Initial Raw Materials in Transit (Day 1 to Day 20) 
Initial Raw Materials in Transit 
Raw Material Supplier Facility Arrival Day Amount (units) 
1 2 1 1 2000 
1 2 3 2 2000 
3 6 1 3 500 
3 6 3 1 500 
 
The time between schedule revisions is set at one day.  The first day’s 
decisions are extracted from the optimization model and read by the simulation 
model.  Relevant records are updated – including arrival dates for materials and 
finished goods that are placed in transit.  As seen in Table 5-3, at the end of 
simulated day one (first day of the first planning interval), 2000 units of raw 
material 1 from supplier 2 arrived at facility 1 and 500 units of raw material 3 
from supplier 6 arrived at facility 3.  At the end of simulated day two (first day of 
the second planning horizon), 2000 units of raw material 1 from supplier 2 are 
scheduled to arrive at facility 3. Similarly, 500 units of raw material 3 from 
supplier 6 are scheduled to arrive at facility 1 by the end of simulated day three, 
which is the first day in the third planning horizon.  
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Facilities’ raw material inventories at the beginning of day one in 
replication one are illustrated in Table 5-4.  Table 5-5 shows the production 
across facilities at the end of simulated day one.  
  Table 5-4 Period One Beginning Raw Material Inventories (Day 1 to Day 20) 
 
                            Table 5-5 Simulated Day One Production Summary  
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For simplification, Facility 1 is selected to demonstrate how raw material 
inventories are calculated and updated in our model. Relevant information from 
Table 3-5 shows that 226 units of P1 and 288 units of P2 consumed 794 units of 
raw material one (226*1.6 + 288*1.5, rounded to the nearest whole number), 
2000 units of R1 from S2 arrived at F1 (from table 5-3) on day one, and the initial 
R1 inventory at F1 was 14797 units. Thus, at the end of simulated day one (and 
beginning of day 2), R1 inventory at F1 equals 16003 units (14797 + 2000 – 794). 
Producing 39 units of P3 and 85 units of P4 reduced R2 inventory by 268 units, 
while 78 units of P5 and 26 units of P6 decreased R3 inventory by 312 units. 
Neither R2 nor R3 has any deliveries on day one, thus, F1 has 5813 units of R2 
and 3290 units of R3 by the end of simulated day one. Extracted from the 
simulation report are the updated initial raw material inventories for the 
planning period Day 2 to Day 21.  They are illustrated in Table 5-6 to verify the 
aforementioned raw material inventory balance.   
      Table 5-6 Period Two Beginning Raw Material Inventories (Day 2 to Day 21) 
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Note that a stipulated number seed is used to generate initial raw 
material inventories across facilities.  This seed changes from one replication to 
another, thus generating different initial raw material inventories for each 
replication. The random seed used to generate upstream lead time is changing 
not only by replications, but also by simulated day. Table 5-7 shows random 
seeds used in simulated day one in replication two.  
At the beginning of each planning period, the simulation model generates 
product demands across warehouses and arrival dates for goods in transit 
according to the specified distributions. The random number generator in the 
simulation model ensures there is no correlations of product demands, upstream 
lead times, and downstream lead times from one period to another. 
          Table 5-7 Replication Two Random Seeds Illustration (Day 1 to Day 20) 
  
 
Raw material orders were placed across facilities on simulated day one. 
Raw material shipments are assumed to occur as soon as the order is placed. 
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Table 5-8 provides shipment information that is used by the simulation model to 
generate arrival dates of raw material in transit, shown in Table 5-9, for the next 
planning period (Day 2 to Day 21). 
     Table 5-8 Raw Material Shipment Summary by the End of Simulated Day One 
  
 
          Table 5-9 Period Two Initial Raw Materials in Transit (Day 2 to Day 21)  
 
 
Recall Table 5-3 indicates that at the beginning of period one (Day 1 of 
the planning period Day 1 to Day 20), 2000 units of R1 from S2 are scheduled to 
arrive at F3 on day 2 and 500 units of R3 from S6 are scheduled to deliver to F1 
on day 3.  Note that the planning revision period is one day and that the 
randomly generated delivery dates for raw materials and finished goods are not 
altered in successive planning periods. Thus, 2000 units of R1 from S2 are 
scheduled to arrive at F3 on the first day of the second planning horizon (Day 2 
to Day 21). Arrival day indices for raw materials in transit at the beginning of the 
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current planning period are reduced by one day at the beginning of next 
planning period as shown in Table 5-9.  
 
5.3.3 Production Facilities Finished Product Inventory Verification  
 
Table 5-10 displays the initial finished product inventories at each 
production facility. Note that equation (20) presented in Chapter 3 stipulates 
that any products produced during a day cannot be used for deliveries until the 
next day. Thus, by the end of simulated day one, the amount shipped of each 
product at each production facility cannot exceed the initial finished product 
inventory at that facility. Execution of this logic is verified in Table 5-11.  
Table 5-10 Period One Initial Finished Product Inventory at Facilities 
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                   Table 5-11 Period One Plant to Warehouse Shipment Summary 
 
 
Information presented in Table 5-10 and 5-11 implies that by the end of 
simulated day one, all initial finished product inventories at each production 
facility were used to replenish warehouses, indicating that initial finished 
product inventories at each production facility for the next planning period is 
equal to what has been produced at each production facility during simulated 
day one.  This is illustrated in Table 5-12. Note that maximum inventories are 
exceeded in Day two for some products in F1 and F2. This is because the over 
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storage penalty is low enough that carrying the extra inventory enables 
profitable deliveries in later periods. 
            Table 5-12 Period Two Initial Finished Product Inventory at Facilities 
 
 
Information obtained from Table 5-12 indicates that at the beginning of 
the second planning horizon (Day 2 to Day 21), neither F2 nor F3 has any 
inventories of P5. This information is consistent with the first period production 
summary presented in Table 5-5 where no production of P5 occurred at either F2 
or F3.  Meanwhile, Table 5-11 provides information about finished goods in 
transit at the end of first planning horizon and Table 5-12 shows the random 
seed used in the downstream to generate arrival dates for these finished goods 
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in transit. Such information is also used to verify warehouse product inventory 
balance in the next section. 
 
5.3.4 Warehouse Product Inventory Verification 
 
The initial finished products in transit with scheduled arrival dates are 
given in Table 5-13. 
          Table 5-13 Period One Initial Finished Products in Transit 
Initial Finished Products in Transit 
Product Facility Warehouse Arrival Date Amount (units) 
1 3 6 3 250 
2 2 4 1 300 
3 2 1 2 100 
4 3 1 1 100 
 
Information presented in Table 5-13 indicates that, at the end of 
simulated day one, 300 units of product 2 from facility 2 arrived at warehouse 4 
and 100 units of product 4 from facility 3 arrived at warehouse 1. Additionally, 
100 units of product 3 from facility 2 are scheduled to arrive at warehouse 1 by 
the end of simulated day 2, which is the first day in the second planning period 
(Day 2 to Day 21). In a similar fashion, by the end of the first day in the third 
planning horizon, 250 units of product 1 from facility 3 are scheduled to arrive at 
warehouse 6.   
Table 5-14 displays the initial product inventories at each warehouse at 
the beginning of the first planning horizon, product demands at each warehouse 
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for simulated day one, as well as random seeds used by simulation model to 
generate such demands and initial product inventories.  Note that unique 
random numbers were used (Table 5-14 and Table 5-15) in the simulation model 
to generate product demands to avoid any correlations of demands between 
planning periods. 
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     Table 5-14 Period One Warehouse Product Inventory and Demand Status 
 
 
As presented in Table 5-14, the initial inventory of P2 at WH4 is 3016 
units, demand of P2 at WH4 during the simulated day one is 163 units, in 
addition, 300 units of P2 from F2 arrived at WH4 on simulated day one (from 
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Table 5-13). Thus, at the end of simulated day one, WH4 has 3153 units (3016 + 
300 – 163) of P2.  This becomes the initial inventory of P2 at WH4 for the second 
planning horizon (Day 2 to Day 21) is 3153 units. Calculated in a similar manner, 
the initial inventory of P4 at WH1 for the second planning horizon is 2028 units. 
For all other products, the initial inventory at warehouses for the second 
planning horizon equals to the beginning inventory at warehouses of simulated 
day one minus corresponding demand in simulated day one. The information 
presented in Table 5-15 verifies such inventory balance at warehouses.    
Note that in Table 5-15, product demands are changing because different 
random seeds are used to generate the demands. This random demand seed is 
changes for each replication and day. The random seed used by the simulation 
model to generate initial product inventory at warehouses, however, only needs 
to change from one replication to another. Table 5-16 illustrates these random 
seed values and the resulting initial product inventories at warehouses.    
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Table 5-15 Period Two Warehouse Product Inventory and Demand Status 
 
              Table 5-16 Replication Two Random Seeds Illustration 
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Recall in the previous section when verifying finished product inventory 
at production facilities, Table 5-11 provides information about shipments made 
from each facility to each warehouse at the end of simulated day one. These 
shipments, as well as initial finished products in transit (after subtracting arrivals 
at the end of simulated day one), provide initial finished products in transit for 
the second planning period (Day 2 to Day 21) as displayed in Table 5-17. 
            Table 5-17 Period Two Finished Products in Transit (Day 2 to Day 21) 
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Since the revision period is one day and randomly generated delivery 
dates for raw materials and finished goods are set and not altered in successive 
planning periods, arrival days of finished products in transit are reduced by one 
day from one planning horizon to the next.    
In summary, section 5.3 verifies the logic and behavior of the simulation 
model, illustrates how product demands are generated from one period to 
another, and demonstrates how raw material inventory and finished product 
inventory at production facilities are calculated.  It also demonstrates the 
calculation of finished goods inventory at warehouses, and displays how initial 
conditions are updated at the beginning of each planning horizon and each 
replication. With this foundation, we conduct our analysis of SC performance 
associated with different planning horizon and different objective function.   
 
5.4 Scenario One Analysis 
  
As mentioned in section 5.1, H10 and H20 are both employed to assess 
SC performance. We begin with the observation of detailed financial 
performance derived from H10. Note that all average statistics in the following 
are computed for the 90-days of simulated activity. With H10, Table 5-18 
presents average daily gross profit contribution of each product at each 
warehouse. Table 5-19 provides finished product inventory costs and finished 
product in transit costs at each plant. Table 5-20 includes raw materials related 
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costs at each plant and Table 5-21 summarizes idle costs and setup costs at each 
plant.  
                                  Table 5-18 Average Daily Product Gross Profit Contribution (H10) 
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       Table 5-19 Average Daily Product Inventory 
Costs (H10) 
 
  Table 5-20 Average Daily Raw Material Inventory 
Costs (H10) 
 
 
  Table 5-21 Average Daily Plant Idle Costs and 
Setup Costs (H10) 
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We also generate quarterly reports closely approximating accounting 
income statements and present daily net profit contribution statement for 90-
day period in Table 5-22. For simplicity, the SC financial performance derived 
from different scenarios in the remainder of this research will be presented with 
the daily net profit contribution statement. 
                            Table 5-22 Daily Net Profit Contribution Statement (H10) 
Daily Net Profit Contribution Statement  
for 90-day period with H10 
  $ $ 
GROSS PROFIT CONTRIBUTION   17,154.10 
Products sold at warehouses 17,154.10   
      
PLANT EXPENSES   1,040.18  
Finished Product Inventory Costs 9.34   
Finished Product in Transit Costs 17.70   
Raw Material Inventory Costs 33.11   
Raw Material in Transit Costs 22.44   
Raw Material Shipping Costs 449.50   
Idle Costs 58.49   
Setup Costs 449.60   
      
NET PROFIT CONTRIBUTION   16,113.92 
 
 
We present the daily net profit contribution statement resulted from 20-
day rolling planning horizon in Table 5-23. Increasing the length of planning 
horizon from 10-day to 20-day results in an improvement of overall SC financial 
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performance by more than 13% and average daily net profit contribution rises 
from $16,113.92 to $18,299.38.  
                            Table 5-23 Daily Net Profit Contribution Statement (H20) 
Daily Net Profit Contribution Statement  
for 90-day period with H20 
  $ $ 
GROSS PROFIT CONTRIBUTION   19,269.27 
Products sold at warehouses 19,269.27   
      
PLANT EXPENSES   969.89  
Finished Product Inventory Costs 10.26   
Finished Product in Transit Costs 22.40   
Raw Material Inventory Costs 39.37   
Raw Material in Transit Costs 31.64   
Raw Material Shipping Costs 416.22   
Idle Costs 0.00   
Setup Costs 450.00   
      
NET PROFIT CONTRIBUTION   18,299.38 
 
 
To further assess the impacts associated with the length of planning 
horizon, we focus our analysis at the product level in this research. Average daily 
simulated demand for each product is computed and compared with expected 
demand to assess the variations in the product demands. Average daily gross 
profit contribution (after adjusting lost sales costs and warehouse replenishment 
shipping costs) is calculated to analyze financial performance associated with 
different types of product. Average daily NPC is driven mainly by profit 
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contribution derived from warehouse deliveries and alternative sources.  We 
report the costs associated with lost sales, average daily demand satisfied from 
warehouse deliveries (in units), average daily demand satisfied from plants’ 
direct shipping (in units), as well as average daily lost sales (in units).  The 
percent of demand satisfied from warehouse deliveries reflects the product 
service level at warehouse.  The SC product service level takes into account total 
demand being satisfied from all sources. Average total units produced (across all 
plants), average total warehouse product inventories (in days of demands), 
average total warehouse end (at the end of day 90) product inventories (in days 
of demands), average total plant product inventories (in days of demand), and 
average total plant end product inventories (in days of demands) are all 
computed and reported to assess the product flows in the SC.  These 
performance metrics are summarized in the following: 
 GPC – average daily gross profit contribution 
 WHDELV – average daily product deliveries from warehouses  
 PLDELV – average daily product shipments to customers from plants  
 LOSTSALE – average daily lost sales for each product 
 WHPCT – percentages of product demands satisfied from warehouse 
deliveries 
 SCSL – average supply chain service level for individual products 
 PLPRODUCED – average daily production of each product 
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 WHINV – average daily warehouses inventory in days of demand for each 
product 
 ENDWHINV – average ending inventory (in days of demand for each product) 
upon completion of simulated activity 
 PLINV – average total plant finished inventory (in days of total demand for 
each product) 
 ENDPLINV – average total plant end finished product inventory in days of 
demand for each product 
 
Together, these performance metrics reveal SC performance measures in 
five dimensions summarized in Table 5-24.   GPC is used to measure the overall 
daily gross profit contribution by product. WHDELV, PLDELV, and LOSTSALE are 
aggregate measures of satisfied demands from warehouses, satisfied demands 
from plants and lost sales.   WHPC and SCSL express the same information as a 
percentage of total customer demand. PLPRODUCED shows daily production 
(across all production facilities) of each product. WHINV, ENDWHINV, PLINV, and 
ENDPLINV summarize inventory levels during and at the end of the simulated 
period.  Ending inventories are important to consider because they position the 
firm for ongoing operations beyond the simulated period. 
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             Table 5-24 Summary of Supply Chain Performance Metrics 
Performance Metrics Dimensions 
GPC Profit Contribution 
WHDELV 
Demand Satisfaction PLDELV 
LOSTSALE 
WHPCT 
Service Level 
SCSL 
PLPRODUCED Production  
WHINV 
Finished Product Inventories 
ENDWHINV 
PLINV 
ENDPLINV 
 
With this background, we next compare the SC performance resulting 
from H10 and H20 in Table 5-25. The top panel presents the quarterly product-
level supply chain metrics associated with 10-day planning horizon and the 
bottom panel shows the complementary information resulted from 20-day 
planning horizon.  
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 Table 5-25 Scenario One Summary Statistics for Quarterly Product-level SC Metrics in 25 Replications 
 
 10-Day Rolling Planning Horizon 
20-Day Rolling Planning Horizon 
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As the planning horizon increases, the overall average daily demand 
satisfied from warehouse deliveries increases and that from plants deliveries 
decreases, along with drop in the overall lost sales, thus, improving the overall 
daily gross profit contribution. Larger inventories are held in the system, 
increasing of the SC service level for most of the products. 
To investigate reasons for the differential product service levels (SCSL), 
we focus on the characteristics associated with individual products that may 
drive such differences. We first calculate the average (across all plants) of the 
unit production minutes needed for each product, then divide product’s revenue 
per unit by the average production minutes required per unit to get the revenue 
per average production minute associated with each product. This metric 
reflects the return from scarce resources (production time) if allocated to the 
respective products. We also consider the demand coefficient of variation 
(across all warehouses) and average upstream (raw material) lead time for each 
product. Note that initial inventories in scenario one are all set at 5% above their 
corresponding lower limits, thus, the initial inventory level doesn’t have 
confounding effects on service level.  Meanwhile, average downstream lead time 
at the product level is constant at 4.67 days. Therefore, the initial inventory level 
and average downstream lead time are both omitted from the statistical model 
in this instance. Table 5-26 presents characteristics associated with each of the 
products.  
 
Revision  December 6, 2016                      Copyright, Liang Xu, 2016 125 
Table 5-26 Product Service Level Influential Characteristics 
Product 
Average Unit 
Production 
Minutes 
Needed 
Revenue per 
Average 
Production 
Minute 
Demand 
Coefficient of 
Variation 
Average 
Upstream 
Lead Time 
P1 0.4416 41.4413 0.0620 8.5000 
P2 0.3803 43.4442 0.0206 8.5000 
P3 0.7924 28.8755 0.1468 6.8333 
P4 0.6947 30.1729 0.1048 6.8333 
P5 1.2291 46.9465 0.2145 7.3333 
P6 1.1085 48.3191 0.1774 7.3333 
 
Multiple regression analysis is performed upon replication results for the 
20-day horizon to obtain better knowledge about the joint impacts of these 
influential characteristics on product service level. In Table 5-27 we indicate how 
each of these characteristics is correlated with product service level and present 
corresponding basic statistics. We also provide the magnitudes of the multiple 
regression coefficients when all of these influential characteristics is included in 
the model. The regression model for product service level is: 
 
Product Service Level = 99.75 + 0.79 * (revenue per average production minute) 
– 4.06 * (average upstream lead time) – 48.22 * (demand coefficient of variation) 
+ unexplained variation. 
 
This model explains 76.5% of the variation in product service level and 
the coefficients for each of the independent variables are statistically significant 
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at 0.0001 level. The regression model indicates that, ceteris paribus, the higher 
revenue per average production minute the higher product service level, or the 
shorter the average upstream lead time the higher product service level, or the 
lower the demand coefficient of variation the higher the product service level. 
     Table 5-27 Scenario One Drivers of Product Service Level 
 
Corr. 
With 
SCSL 
Min Max Mean 
Std. 
Dev. 
t 
Value 
Multiple 
Regression 
Coeff. 
Product Service 
Level in pct 
(SCSL) 
1 82.11 100 94.91 4.88 N.A. N.A. 
Rev. per avg. 
production 
minute 
(REVPERPRODM) 
0.83 28.88 48.32 39.87 7.68 14.01 0.79 
Demand 
Coefficient of 
Variation 
(DEMCV) 
-0.03* 0.02 0.21 0.12 0.07 -6.24 -48.22 
Avg. Upstream 
Lead Time 
(AVGRMLT) 
0.51 6.83 8.50 7.56 0.70 -4.83 -4.06 
*not significant at 0.5 level. 
 
Although, theoretically, the length of the rolling horizon planning should 
cover, at minimum, the sum of the longest lead time upstream and downstream 
plus the production cycle time, this length of the planning horizon may not be 
practicable for organizations involved in multi-modal transportation across 
international boundaries. This length of the planning horizon may also require 
excessive time for analytical models to reach optimality. We therefore next 
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investigate a possible alteration to the optimizing model that may mitigate the 
negative effects associated with too short a planning horizon.  
 
5.4 Analytical model with the Value-added Complement 
 
The optimization model presented in Chapter 3 recognizes revenue only 
when products are sold, in accordance with standard accounting practice. There 
is no incentive in the optimizing model to ship goods to a warehouse if they do 
not reach the destination in time to realize revenue from sales at the warehouse.  
To mitigate the negative effects of this, we could recognize expected revenue 
from future sales when we ship the goods to the warehouse (though facing, of 
course, the risk that the sales may not materialize).  Thus, we consider an 
alternative “value added” approach to production and flows of product in the 
supply chain and propose the following hypotheses: 
 H1: Value-added complement in the optimization model’s objective function 
counters the negative effects associated with short planning horizon. 
 H2: Value-added complement in the optimization model’s objective function 
improves the overall SC performance. 
 
With the value-added approach, the optimization model recognizes 
revenues when finished goods are shipped out at plants but only for those that 
have insufficient time to reach the warehouse to satisfy demands that 
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materialize during the planning horizon.  It also recognizes revenues from sales 
of product at warehouses attributed to goods in place at the beginning of the 
planning horizon.  The objective function is revised to the following: 
 
Net Profit Contribution = (Profit contribution from replenish shipments + 
Profit contribution from alternative deliveries + Profit contribution from 
warehouse deliveries up to minimum downstream lead time plus one day – 
Costs of lost sales – Product inventory holding costs at plants and warehouses – 
Raw material inventory holding costs at plants – Product inventory shortage 
costs at plants and warehouses – Raw material inventory shortage costs at plants 
– Product inventory overstocking costs at plants and warehouses – Raw material 
inventory overstocking costs at plants – Product shipping costs – Product in 
transit costs – Raw material shipping costs – Raw material in transit costs – Plant 
setup costs – Plant idle costs) 
 
The model is subject to the same set of constraints presented in Chapter 
3, the mathematical formulation of the objective function is revised and 
presented mathematically below: 
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  𝑀𝑎𝑥 ∑  { ∑ ∑  [ ∑ (( 𝑝𝑐𝑃𝑝𝑊𝑤 − 𝑠𝑐𝑃𝑝𝐹𝑓𝑊𝑤) ∗ 𝑆ℎ𝑃𝑝𝐹𝑓𝑊𝑤𝐷𝑑 + (𝑝𝑐𝑃𝑝𝑊𝑤 − 𝑎𝑐𝑃𝑝𝐹𝑓𝑊𝑤)
𝑓∈𝐹{𝑓}𝑝∈𝑃𝑊{𝑤}𝑤∈𝑊{𝑤}𝑑∈𝐷{𝑑}
∗ 𝐴𝑙𝑡𝑃𝑝𝐹𝑓𝑊𝑤𝐷𝑑) − 𝑜𝑝𝑐𝑜𝑠𝑡𝑃𝑝𝑊𝑤 ∗ 𝐿𝑆𝑃𝑝𝑊𝑤𝐷𝑑 − 𝑖𝑐𝑃𝑝𝑊𝑤 ∗ 𝐼𝑛𝑣 𝑃𝑝𝑊𝑤𝐷𝑑 − 𝑆ℎ𝑡𝑃𝑒𝑛𝑎𝑙𝑡𝑦𝑃𝑝𝑊𝑤 ∗ 𝑈𝑆𝑃𝑝𝑊𝑤𝐷𝑑
− 𝑂𝑣𝑟𝑃𝑒𝑛𝑎𝑙𝑡𝑦𝑃𝑝𝑊𝑤
∗ 𝑂𝑆𝑃𝑝𝑊𝑤𝐷𝑑] – ∑  [ ∑  (𝑖𝑐𝑃𝑝𝐹𝑓 ∗ 𝐼𝑛𝑣𝑃𝑝𝐹𝑓𝐷𝑑 + 𝑆ℎ𝑡𝑃𝑒𝑛𝑎𝑙𝑡𝑦𝑃𝑝𝐹𝑓 ∗ 𝑈𝑆𝑃𝑝𝐹𝑓𝐷𝑑 + 𝑂𝑣𝑟𝑃𝑒𝑛𝑎𝑙𝑡𝑦𝑃𝑝𝐹𝑓
𝑝∈𝑃{𝑝}𝑓∈𝐹{𝑓}
∗ 𝑂𝑆𝑃𝑝𝐹𝑓𝐷𝑑 + ∑  (𝑠𝑐𝑃𝑝𝐹𝑓𝑊𝑤 ∗ 𝑆ℎ𝑝𝑃𝑝𝐹𝑓𝑊𝑤𝐷𝑑 + 𝑖𝑡𝑐𝑃𝑝𝐹𝑓𝑊𝑤 ∗ 𝑇𝑟𝑃𝑝𝐹𝑓𝑊𝑤𝐷𝑑)
𝑤∈𝑊{𝑤}
) + 𝑠𝑝𝑐𝐹𝑓 ∗ 𝑆𝑈𝐹𝑓𝐷𝑑
+ 𝑖𝑑𝑙𝑒𝑃𝑒𝑛𝐹𝑓 ∗ 𝑖𝑑𝑙𝑒𝐹𝑓𝐷𝑑
+ ∑ ( 𝑖𝑐𝑅𝑟𝐹𝑓 ∗ 𝐼𝑛𝑣𝑅𝑟𝐹𝑓𝐷𝑑 + 𝑆ℎ𝑡𝑃𝑒𝑛𝑎𝑙𝑡𝑦𝑅𝑟𝐹𝑓 ∗ 𝑈𝑆𝑅𝑟𝐹𝑓𝐷𝑑 + 𝑂𝑣𝑟𝑃𝑒𝑛𝑎𝑙𝑡𝑦𝑅𝑟𝐹𝑓 ∗ 𝑂𝑆𝑅𝑟𝐹𝑓𝐷𝑑
𝑟∈𝑅𝑃{𝑝}
+ ∑ (𝑠𝑐𝑅𝑟𝑆𝑠𝐹𝑓 ∗ 𝑆ℎ𝑝𝑅𝑟𝑆𝑠𝐹𝑓𝐷𝑑 + 𝑖𝑡𝑐𝑅𝑟𝑆𝑠𝐹𝑓 ∗ 𝑇𝑟𝑅𝑟𝑆𝑠𝐹𝑓𝐷𝑑)
𝑠∈𝑆𝑅{𝑟}
)  ]  }
+ ∑
( ∑ ∑ (𝑝𝑐𝑃𝑝𝑊𝑤 − 𝑠𝑐𝑃𝑝𝑊𝑤) ∗ 𝐷𝑒𝑙𝑃𝑝𝑊𝑤𝐷𝑑
𝑝∈𝑃𝑊{𝑤}𝑤∈𝑊{𝑤}
)
𝑡
𝑑=1
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Notice that the last term in the objective function is used to register 
revenues of warehouse deliveries up to the minimum downstream lead time 
plus one day (t=4 in this case) within the optimization model for each rolling 
planning horizon. To differentiate approaches in the analytical models presented 
in this research, the “standard objective function (STDOBJ)” and “value-added 
objective function (VAOBJ)” will be used. Scenario one with 10-day planning 
horizon and 20-day planning horizon are both solved with the analytical model 
that adopts VAOBJ.  
Table 5-28 presents information about the cross comparison of SC 
financial performance derived from STDOBJ_H10, VAOBJ_H10, STDOBJ_H20, and 
VAOBJ_H20. The cross comparison of SC performance on each of the eleven 
metrics is included in Table 5-29.  
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Table 5-28 Scenario One Cross Comparison of SC Financial Performance 
Daily Net Profit Contribution Statement for 90-day period  
   STDOBJ_H10  VAOBJ_H10  STDOBJ_H20  VAOBJ_H20 
  $ $ $ $ $ $ $ $ 
GROSS PROFIT CONTRIBUTION   17,154.10   19,629.55   19,269.27   19,748.32 
Product sold at warehouses 17,154.10   19,629.55   19,269.27   19,748.32   
                  
PLANT EXPENSES   1,040.18    1,045.27    969.89    987.97  
Finished Product Inventory Costs 9.34   10.32   10.26   10.47   
Finished Product in Transit Costs 17.70   22.93   22.40   24.37   
Raw Material Inventory Costs 33.11   38.04   39.37   39.25   
Raw Material in Transit Costs 22.44   26.00   31.64   30.82   
Raw Material Shipping Costs 449.50   497.98   416.22   433.06   
Idle Costs 58.49   0.00   0.00   0.00   
Setup Costs 449.60   450.00   450.00   450.00   
                  
NET PROFIT CONTRIBUTION   16,113.92   18,584.28   18,299.38   18,760.35 
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                    Table 5-29 Scenario One Product Level SC Metrics Cross Comparison 
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Information derived from Table 5-28 and Table 5-29 illustrates that the 
value-added complement in the objective function eliminates the dramatic 
differences in average daily NPC derived from STDOBJ_H10 and STDOBJ_H20 and 
improves warehouse product service level. Table 5-29 displays that, when using 
VAOBJ_H10, total product demands satisfied from warehouse deliveries (2265.1 
units) are even slightly higher than that derived from STDOBJ_H20 (2235.4 units).  
For short planning horizon (H10), the value-added approach also reduces the 
alternative deliveries and increases the average daily total inventories carried at 
warehouses. More products are produced at plants and more product 
inventories are available at the end of planning period, thus helping to sustain SC 
financial performance in the next planning period or the near future. 
To further assess the effects of the choice of planning horizon and the 
structure of the analytical model’s objective function, we performed ANOVA 
analysis with Duncan’s multiple range tests in which the combination of planning 
horizon and objective function approach is the designated experimental 
treatment. With this analysis, we can determine the extent to which differences 
in simulated performance metrics are attributable to systematic versus random 
variation. 
Consider first our results at the overall SC level (Table 5-30 through Table 
5-32) and then the performance measures at the product level in the SC (Table 5-
33 to Table 5-35). 
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       Table 5-30 Scenario One Overall SC Level Duncan Test Results Part I 
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           Table 5-31 Scenario One Overall SC Level Duncan Test Results Part II 
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Table 5-32 Scenario One Overall SC Level Duncan Test Results Part III 
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            Table 5-33 Scenario One Product Level Duncan Test Results Part I 
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      Table 5-34 Scenario One Product Level Duncan Test Results Part II 
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                  Table 5-35 Scenario One Product Level Duncan Test Results Part III 
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Collectively, Table 5-30 through Table 5-35 clearly indicate that the value-
added approach can counter the negative effects associated with a short 
planning horizon and provide strong support for H1 and H2. 
 
5.5 Summary 
 
When deriving solutions for multi-period SC planning problems, analytical 
models may be counterproductive if too short a planning horizon is employed 
and expected revenues are recognized only when goods are sold. The 
experiments conducted in this chapter reveal that increasing the length of the 
planning horizon can improve the overall SC performance.  
Q1: What rolling horizon length should be adopted in order to achieve 
higher SC performance for a given objective function and performance metrics? 
A1: With standard accounting practice in the objective function, the 
optimization model requires a planning horizon that is at least equals to the sum 
of the longest lead time upstream and downstream plus the production cycle 
time. 
 
This planning horizon, however, may be too long for organizations that 
manage international supply chains with slow transit modes such as ocean liners.  
It may also result in large analytical models that require excessive amounts of 
times to generate “optimal” solutions.   We therefore investigate whether a 
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value-added complement in the objective function can allow planning to occur 
effectively with a short planning horizon.  
With the value-added complement, the optimization model recognizes 
revenue for some products when they are shipped to warehouses.  This counters 
the fact that they will not register in the model when the products are sold at the 
warehouse (because they would not reach the warehouse before the end of the 
planning horizon). The value-added complement improves the SC performance 
on almost all of the performance measures and achieves higher financial 
performance.  
Q2: Can a “value-added” complement to the SCM objective function 
mitigate the sub-optimization that occurs when the planning horizon is shorter 
than the time required to capture the effects of all relevant events (procurement, 
production and deliveries) upstream and downstream? 
A2:  Yes. The value-added approach can mitigate the negative effects to a 
great extent. For the case on hand, value-added approach in the objective 
function can short the minimum planning horizon by at least 50%. 
However, value-added approach in the objective function has its own 
“counterproductive” side if no consideration is given to revenues that will be 
derived from sales of goods in inventory at the warehouses (or plants) or from 
goods already in transit at the beginning of the planning horizon.  To deal with 
this problem, we include (in the objective function for the optimizing model) any 
revenues from goods that shipped from the plant to warehouses and from the 
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plant to customers in the current planning horizon (on the day that they are 
shipped, as with the value-added approach), but we also include revenues from 
goods in inventory or in transit at the beginning of the horizon when they are 
shipped to customers.  In the current implementation, we simply include 
revenues for customer deliveries from warehouses only up to the minimum 
downstream lead time for warehouse replenishment. 
How much inventory to carry in the system and where to place it is a 
complicated problem.  Inventory placement affects SC performance and related 
risk. Decisions made to improve performance on one dimension may affect SC 
performance on other dimensions – beyond the obvious tradeoffs between 
short-term SC financial performance and the service level.  Note that the average 
daily NPC resulted from VAOBJ_H20 is about 2.5% higher than that from 
STDOBJ_H20. This difference may be explainable by the fact that STDOBJ_H20 
fails to recognize a number of future revenue possibilities.   
Meanwhile, when disruptions or unusual events alter the state of the 
system, abnormal patterns may surface.  In such instances, the time to recover 
and time to survive are critical to organizations (Simchi-Levi, 2015). Demands 
satisfied from alternative sources or expedited shipping may increase and 
managerial short-term interests may also shift, depending on the delay of the 
flows in the supply chain. This raises the question of whether value-added 
approach will outperform standard   where disruptive events cause inventories 
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to be lower than their planned levels.  We developed scenario two in the next 
chapter to address this question.  
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Chapter 6 Supply Chain Risk Management 
 
Research questions Q3, Q4, and Q5 are addressed in this chapter: 
 Q3: Does any advantage derived from the value-added complement to the 
objective function persist when SC disruptions occur? 
 Q4: How sensitive is SC performance to the choice of planning horizon and 
addition of the value-added complement to the objective function?  
 Q5: What product characteristics are associated with the differential service 
levels that result from application of the SC optimization model on a rolling 
horizon? 
 
6.1 Problem Description 
 
In order to extend our analysis of the effects associated with choice of 
the length of rolling horizon and choice of objective function into the realm of 
risk management following disruptive events, we solve the multi-period supply 
chain planning problems in this chapter where random inventory outages are 
assumed to occurred (as perhaps with damage in processing or shipment or 
following surges in demand due to interruptions in supply chains of competitors). 
For the purposes of this research, we focus on the risks downstream in 
the SC where disruptions or unusual events deplete some finished product 
inventories at the warehouse. To represent supply chain disruptions in such 
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situations, we randomly set 20% of finished-product inventories at warehouses 
to zero, while keeping all other initial conditions the same as they were in 
scenario 1.  Random changes in inventory and outages are imposed at the 
beginning of the planning period in each replication. Note that outages can occur 
in any product-warehouse combination and the amounts of other inventories 
held in the system can be any value between min and max at beginning of each 
replication.  
Various strategies are proposed in the literature to cope with supply 
chain risks. In this research, buffer inventories of finished products, flexibility, 
and redundancy in the SC are used to cope with disruptions or unusual events 
that may occur.  Shipments directly from plants to customers are allowed (at 
additional cost) when inventories are insufficient at the warehouse. (We do not 
presently allow product demands at one warehouse to be satisfied through 
deliveries from other warehouses, though this could easily be accommodated.)  
Some buffer inventories are provided at production facilities. This allows the SC 
to cope with variations in the product demands, but mitigates the risks 
associated with production process in the system as well.  Redundancy is 
incorporated in the SC as dual sourcing for each raw material, flexibility allows 
plant to produce all products and shipments of finished products can occur from 
each plant to each warehouse.  A “flexible” strategy is thus implemented by 
placing orders of finished products at either plant, purchasing raw materials 
from either one of the suppliers, and producing products at either plant. 
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6.2 Experiments under the Supply Chain Risk Environment 
 
As illustrated in the preceding chapter, the analytical model can employ a 
standard accounting approach or a value-added approach when assigning 
coefficients to the objective function.  The standard accounting approach in the 
objective function recognizes revenue only when goods are sold, while the value-
added approach in the objective function register revenue when goods are 
shipped.  The multi-period SC planning problem will be solved with these two 
approaches in the objective function (STDOBJ or VAOBJ) and with different 
planning horizons (H10 or H20). In total, four distinctive experiments are 
conducted, namely, STDOBJ_H10, STDOBJ_H20, VAOBJ_H10, and VAOBJ_H20. 
We begin with employing optimization model using the standard 
objective function to solve the multi-period SC problem under the risk 
environment with H10 and H20. As expected, increasing the length of the 
planning horizon helps the SC to recover from the disruption via building up 
product inventories at the warehouse, thus, improving the overall product 
service level, decreasing the expensive expedited shipments from plants to 
customers, and resulting in better financial performance. Table 6-1 presents the 
daily net profit contribution statement for STDOBJ_H10 and STDOBJ_H20, while 
Table 6-2 compares the SC performance on all metrics resulted from 
STDOBJ_H10 and STDOBJ_H20.  
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Daily Net Profit Contribution Statement for 90-day period 
with STDOBJ_H10 Scenario Two 
  $ $ 
GROSS PROFIT CONTRIBUTION   15,189.62 
Product sold at warehouses 15,189.62   
      
PLANT EXPENSES   1,045.40  
Finished Product Inventory Costs 9.19   
Finished Product in Transit Costs 17.03   
Raw Material Inventory Costs 33.94   
Raw Material in Transit Costs 22.46   
Raw Material Shipping Costs 444.50   
Idle Costs 68.48   
Setup Costs 449.80   
      
NET PROFIT CONTRIBUTION   14,144.22 
 
 
 
 
 
 
Daily Net Profit Contribution Statement for 90-day period 
with STDOBJ_H20 Scenario Two 
  $ $ 
GROSS PROFIT CONTRIBUTION   18,127.16 
Product sold at warehouses 18,127.16   
      
PLANT EXPENSES   971.10  
Finished Product Inventory Costs 10.26   
Finished Product in Transit Costs 22.41   
Raw Material Inventory Costs 39.36   
Raw Material in Transit Costs 31.60   
Raw Material Shipping Costs 417.47   
Idle Costs 0.00   
Setup Costs 450.00   
      
NET PROFIT CONTRIBUTION   17,156.06 
Table 6-1  Scenario Two Cross Comparison of SC Financial Performance with STDOBJ 
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                   Table 6-2 Scenario Two Summary Statistics for Quarterly Product-level SC Metrics in 25 Replications 
 
 10-Day Rolling Planning Horizon 
20-Day Rolling Planning Horizon 
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Information derived from Table 6-1 and Table 6-2 again indicates that too 
short a planning horizon can lead an analytical model to be counterproductive 
and produce sub-optimizing SC solutions. In scenario two, this counterproductive 
side of the optimization model associated with short planning horizon is 
amplified under the risk environment where SC financial performance differs by 
more than 21%. Longer planning horizon (H20) reduces the overall expedited 
shipping and lost sales by more than 60% and 40% respectively. More 
importantly, average daily total warehouse inventories are doubled for most of 
the products, while average total warehouse ending inventory is fortified, as are 
the plants’ finished product inventories – thus leaving the enterprise in a better 
position for future business.  Average daily total inventory and average total 
ending inventory are important determinants of SC resilience, affecting both 
“time to survive” and “time to recover”.  
To test the robustness of the value-added approach under the SC risk 
environment, the same problem is solved with VAOBJ_H10 and VAOBJ_H20. The 
full comparison of the SC financial performance and the overall product level SC 
performance on all eleven measures are presented in Table 6-3 and Table 6-4. 
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                                        Table 6-3 Scenario Two Cross Comparison of SC Financial Performance 
                                                                   Daily Net Profit Contribution Statement for 90-day period  
Scenario Two   STDOBJ and H10  VAOBJ and H10  STDOBJ and H20  VAOBJ and H20 
  $ $ $ $ $ $ $ $ 
GROSS PROFIT CONTRIBUTION   15,189.62   18,611.58   18,127.16   18,620.75 
Products sold at warehouses 15,189.62   18,611.58   18,127.16   18,620.75   
                  
PLANT EXPENSES   1,045.40    1,045.36    971.10    987.78  
Finished Product Inventory Costs 9.19   10.33   10.26   10.49   
Finished Product in Transit Costs 17.03   23.15   22.41   24.53   
Raw Material Inventory Costs 33.94   38.00   39.36   39.27   
Raw Material in Transit Costs 22.46   26.02   31.60   30.79   
Raw Material Shipping Costs 444.50   497.86   417.47   432.70   
Idle Costs 68.48   0.00   0.00   0.00   
Setup Costs 449.80   450.00   450.00   450.00   
                  
NET PROFIT CONTRIBUTION   14,144.22   17,566.22   17,156.06   17,632.97 
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      Table 6-4 Scenario Two Product Level SC Metrics Cross Comparison 
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To further evaluate the effectiveness associated with value-added 
approach, Duncan’s multiple range tests are conducted at the overall SC level 
with results illustrated in Table 6-5, Table 6-6, and Table 6-7. 
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                   Table 6-5 Scenario Two Overall SC Level Duncan Test Part I 
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           Table 6-6 Scenario Two Overall SC Level Duncan Test Part II 
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                  Table 6-7 Scenario Two Overall SC Level Duncan Test Part III 
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Information derived from Table 6-3 to Table 6-7 indicates that, when 
disruptions occurred in the SC, the value-added complement to the optimization 
model’s objective function improves products’ daily gross profit contribution, 
increases warehouse deliveries to satisfy customer demands, reduces alternative 
(more expensive) deliveries and lost sales, and improves warehouses’ product 
service level. More products are being produced across production facilities. For 
the same length of planning horizon (H10 or H20), more buffer inventories are 
being held in the system when value-added complement to the objective 
function is used. To answer research question: 
Q3: Does any advantage derived from the value-added complement to 
the objective function persist when SC disruptions occur? 
A3: Yes. Information derived from Table 6-3 to Table 6-7 provide strong 
support that the value-added approach in the objective function can mitigate the 
“negative” impacts associated with too short a planning horizon, even under the 
supply chain risk environment. Moreover, the value-added approach facilitates 
the recovery process via building inventory more quickly up to the desired 
minimum level.  
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6.3 Summary 
 
We close this chapter by providing statistical analysis results at the 
product level from the ANOVA procedure. Duncan’s Multiple range test 
outcomes on eleven performance measures are presented in Table 6-8, Table 6-
9 and Table 6-10.  
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                 Table 6-8  Scenario Two Product Level Duncan Test Part I 
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                 Table 6-9 Scenario Two Product Level Duncan Test Part II 
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                 Table 6-10 Scenario Two Product Level Duncan Test Part III 
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Note that information presented in Table 6-8, Table 6-9, and Table 6-10 
shows that, at product level, most key performance measures (10 out of 11) 
resulted from STDOBJ_H20 and VAOBJ_H10 are ranked in the same group, or 
don’t have significant differences. This implies that, after SC disruptions occurred, 
the value-added complement to the objective function can completely counter 
the negative effects associated with too short a planning horizon at product level.  
On one side, experiments conducted in this chapter illustrate that the 
“counterproductive” side of the optimization model is amplified under the SC 
risk environment when employed with too short a planning horizon. On the 
other side, SC financial performance and the overall multi-criteria SC 
performance prove the effectiveness and robustness of the value-added 
approach in countering the negative impacts from too short a planning horizon 
and improving the overall SC performance. To answer research question: 
Q4: How sensitive is SC performance to the choice of planning horizon 
and addition of the value-added complement to the objective function? 
A4:  Supply chain performance is very sensitive to the choice of planning 
horizon with standard accounting practice. However, supply chain performance, 
relatively speaking, is much less sensitive to the length of planning horizon with 
value-added complement to the objective function. 
 
We also focus on investigating what factors lead to the differential 
product service levels in this scenario. Besides influential characteristics 
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associated with different products, in scenario 2, we also consider the average 
(across all warehouses) initial product inventory in days of expected demand for 
each product in each replication.  
Replication results from experiments with the longer planning horizon 
(H20) are used to perform a multiple regression analysis to gain insights of what 
factors drive the differences in product service levels. The resulting regression 
model for product service level in scenario two is: 
Product Service Level = 94.18 + 0.78 * (average initial warehouse inventory in 
days of expected demand) + 0.85 * (revenue per average production minute) – 
4.51 * (average upstream lead time) – 56.09 * (demand coefficient of variation) 
+ unexplained variation. 
 
This model explains 76.7% of the variation in product service level and 
each of the explanatory variables is statistically significant at 0.0001 level with 
anticipated signs.   In Table 6-11 we illustrate how each of these factors is 
correlated with product service level, along with corresponding summary 
statistics. Note that the magnitude of the multiple regression coefficient 
associated with product characteristics is greater than in those from scenario 
one.   The most influential characteristic is still revenue per average production 
minute. Ceteris paribus, the higher revenue per average production minute, the 
higher the product service level; the more initial product inventory at 
warehouses, the higher product service level; the shorter the average upstream 
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lead time, the higher product service level; and the lower the demand coefficient 
of variation, the higher the product service level. 
Note that with STDOBJ_H20, the overall product service level is at 92.95% 
which indirectly indicates that the system is almost recovered from the 
disruptions and reaches desired service level. Although more initial inventories 
held in the warehouses, in general, lead to a higher overall service level, the 
small impact associated with this factor in scenario two also reflects the 
resilience of the SC when buffer inventories, flexibility, and redundancy as risk 
mitigation strategies are employed.  
             Table 6-11 Scenario Two Drivers of Product Service Level 
 
Corr. 
With 
SCSL 
Min Max Mean 
Std. 
Dev. 
t 
Value 
Multiple 
Regression 
Coeff. 
Product Service 
Level in pct 
(SCSL) 
1 76.82 99.40 92.95 5.34 N.A. N.A. 
Avg. Initial W.H. 
Inv. In Days 
Demand 
(INIDAYSINVWH) 
0.22 2.83 9.60 7.40 1.55 5.43 0.77 
Rev. per avg. 
production 
minute 
(REVPERPRODM) 
0.81 28.88 48.32 39.87 7.68 13.73 0.85 
Demand 
Coefficient of 
Variation 
(DEMCV) 
-0.02* 0.02 0.21 0.12 0.07 -6.62 -56.09 
Avg. Upstream 
Lead Time 
(AVGRMLT) 
0.48 6.83 8.50 7.56 0.70 -4.91 -4.51 
*not significant at 0.5 level. 
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We use information derived from Table 5-27 and Table 6-11 to answer 
our fifth research question. 
Q5: What product characteristics are associated with the differential 
service levels that result from application of the SC optimization model on a 
rolling horizon? 
A5:  Revenue per average production minute, average upstream lead 
time, and demand coefficient of variation are factors contribute to the 
differential product service level. Drivers of product service level derived from 
scenario one and scenario two both reveal that, Ceteris paribus, the higher 
revenue per average production minute, the higher the product service level; the 
shorter the average upstream lead time, the higher product service level; and 
the lower the demand coefficient of variation, the higher the product service 
level. 
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Chapter 7 Summary 
  
7.1 Overall Research Summary 
 
Analytical models are widely used to inform managerial decision making. 
These models are more powerful and can provide practical insights when 
stochastic elements in the SC are considered. The analytical methodology 
developed in this research includes the integration of a deterministic model and 
a simulation model. Synthesis of optimization and simulation allows 
consideration of stochastic behavior in the supply chain and combines the 
advantages of the two modeling techniques to generate more practical insights 
when facilitating the decision making process. This research tests the efficacy of 
integrating a SC optimizer with stochastic simulations of rolling planning horizons, 
produces selected performance metrics that would emerge from use of the 
optimizer in a dynamic business setting over an entire season (quarter of the 
year), and identifies how the availability of newly revealed information affects 
these performance metrics. The synthetic approach also reveals SC performance 
on multiple dimensions and allows an analyst or manager to visualize status and 
behavior of the complete SC through time, covering procurement, production, 
and distribution. 
Rarely discussed in the literature is the impact associated with the length 
of the planning horizon when employing an analytical model to solve various SC 
problems. As events unfold, organizations inevitably revise plans after 
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completing only some of the work in the planning horizon.  This makes it 
important to consider potential changes in the state of the system when solving 
multi-period SC planning problems. We began our research by illustrating the 
potentially counterproductive effects of using an optimization model using 
standard accounting for revenues with too short a planning horizon.  Then we 
integrated the supply-chain optimizing model with a discrete-event simulation 
structure to accommodate stochastic behavior. SC planning reports reveal the 
counterproductive behavior of the SC when too short a planning horizon is used 
with standard accounting treatment for costs and revenues. Moreover, results 
from experiments conducted in scenario one indicate that the length of the 
planning horizon, at minimum, should consider the longest lead time upstream 
and downstream in the SC plus the production cycle time if revenues are 
recognized when goods are sold.  However, this length of planning horizon may 
require excessive time for an analytical model to reach optimality and may not 
be practicable for organizations managing international logistics and supply 
chains. To resolve the dilemma, this research proposed a value-added objective 
function (with retention of standard accounting for revenue derived from goods 
in place at the beginning of the planning horizon) to allow planning with a 
shorter horizon.  This novel method of recognizing value of SC activities in a SC 
optimizer allows effective planning to occur with much shorter and more 
practical planning horizons than required with standard accounting treatment. 
Results derived from experiments with this approach, along with statistical 
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analysis, confirm its effectiveness in mitigating the negative impacts associated 
with too short a planning horizon. We also tested the robustness of the value-
added approach under the SC risk environment where disruptions or unusual 
events occur downstream and deplete warehouses’ inventories. These 
experiments also affirmed the effectiveness of the value-added approach (but 
with standard recognition of revenues for goods in place at the beginning of the 
planning horizon and for goods produced and shipped to consumers during the 
planning horizon).  
The research also provides levers in the SC optimizer that help in shaping 
SC strategies to address specific problems revealed by comprehensive reports of 
SC performance such as profit contributions, product service levels, inventories, 
plant utilization, etc. The multi-dimensional SC performance report not only 
reveals the status and performance related to individual products, warehouses, 
plants and suppliers, but also the SC as a whole.  
 
7.2 Limitations and Future Research 
 
In this research, we focused on exploring methods to mitigate the 
counterproductive side of the optimization model when too short a planning 
horizon is employed to solve multi-period SC planning problems. In different 
scenarios, we illustrated the effectiveness of value-added approach in 
countering the negative effects associated with too short a planning horizon. 
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During the process, we deal with hazards that often accompany the use of SC 
optimizing models such as sensitivity of solutions to small changes in standard 
cost components and alternative optimal (or near-optimal) solutions. One of the 
limitations of this research is that the SC optimizer ignores some of the 
operational considerations such as sequence-dependent setup times, 
possibilities of shipment consolidations and priorities that should be given to 
orders according to order date or consumer characteristics. Another limitation of 
this dissertation is that the SC optimizer is capable of dealing with just a few 
products (or product groups) with relatively simple (or aggregated) bills of 
materials; otherwise the analytical model requires excessive computational time 
to reach optimality. Though techniques for improving efficiency of the SC 
optimizer are undoubtedly available, future research and practical applications 
may rely on a heuristic optimizer (which may be benchmarked against a 
corresponding MIP optimizer using deterministic test cases). 
We stress-tested the modeled system by simulating the impact of 
disruptions or unusual events that deplete downstream inventories and deplete 
product inventories in warehouses randomly at the beginning of each planning 
period.  We investigated how the addition of the value-added measures for 
some production and delivery activities facilitate the resilience of the SC in 
recovering from the disruptions. Of course, disruptions can occur anywhere in 
the SC, and in the future research, the SC under investigation can be further 
stressed by incorporating disruptions upstream or at plant/s.  We could thus test 
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the effectiveness of combining routine supply-chain risk reduction strategies 
with strategies for managing adverse events.   In sum, the platform created in 
this dissertation for risk management can facilitate the investigation of possible 
changes in demand patterns, interrelationships among stochastic elements, and 
possibilities of disruptive events. 
With various perspectives on SCRM, researchers have recognized that 
correlations among sources of risk impinge on sourcing strategies (Wagner et al., 
2009, 2011; Costantino and Pellegrino, 2010), vehicle routing solutions (Lium et 
al., 2007), and financial performance (Vaagen and Wallace, 2008). However, 
analytical models (such as stochastic programming) that incorporate risk, 
generally assume that supply chain risk components, such as variation of 
demand in different markets, transportation delays, etc. are independent of 
each other (Ciarallo et al., 1994; Wang and Gerchak, 1996; Sodhi, 2005; Wu and 
Olson, 2008; Lin and Chen, 2009; Schmitt and Singh, 2012; Cardoso et al., 2015 
etc.). This may cause a significant underestimation of the impact of adverse 
events (Zhang and Li, 2010; Liberatore et al, 2012). Future research should also 
consider the impact of correlations among supply chain risk sources on SC plans 
and investigate whether proper consideration of correlations among supply 
chain risk sources can cause significantly different solutions to emerge.  
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Appendix A Supply Chain Risk Sources Derived from the 
Literature 
 
Supply Chain Risk Sources Derived from the Literature 
Authors SC Risk Elements SC Risk Sources 
Bilsel & Ravindran 
(2011) 
Quality 
Supply Risk 
Machine Performance 
Delivery Delays 
Transportation 
Disruptions 
Zsidisin (2003) 
Inability to cope with 
demand fluctuation 
Delivery delays 
Quality 
Cost/Pricing Variations 
Inability to adopt new 
technologies 
Zsidisin et al. 
(2000) 
Capacity 
Quality 
Inability to adopt new 
technologies 
Product Design 
Changes 
Tang (2006) 
Cost/Pricing Variations 
Quality 
Supply Commitment 
Wagner & Bode 
(2006) 
Supplier Dependence 
Single Sourcing 
Global Sourcing 
Azevedo et al. 
(2008) 
Delivery Delays 
Quantity 
Narasimhan et al. 
(2009) 
Contractual Risks 
Cultural Risks 
Loss of Knowledge 
Process Change Risks 
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Authors SC Risk Elements SC Risk Sources 
Tuncle & Alpan 
(2010) 
Quality 
Supply Risk 
Hallikas et al. 
(2004) 
Inability to cope with 
demand fluctuation 
Fulfillment 
Cost/Pricing Variations 
Weakness in resources, 
development, and 
flexibility) 
Tang & Tomlin 
(2008) 
Demand Uncertainty 
Demand Risk 
Tuncle & Alpan 
(2010) 
Demand Uncertainty 
Change of Customer 
Tastes 
Bilsel & Ravindran 
(2011) 
Consumer Preferences 
Competiotion 
Economic Uncertainty 
Tang (2006) Demand Uncertainty 
Ghadge et al. 
(2012) 
Uncertain Demand 
Bilsel & Ravindran 
(2011) 
Capacity Uncertainty 
Process Risk 
Demand Uncertainty 
Uncertain Cost 
Tuncle & Alpan 
(2010) 
Equipment Failure 
Tang (2006) 
Demand Uncertainty 
Supply Uncertainty 
Uncertain Cost 
Tang & Tomlin 
(2008) 
Quality 
Time 
Capacity 
Delivery Delays 
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Authors SC Risk Elements SC Risk Sources 
Juttner et al. 
(2003) 
Suboptimal 
Interactions among 
SC members 
SCN Risks Klibi et al. (2010) 
Endogenous Assets◆ 
Exogenous 
Geographical 
Factors● 
Ghadge et al. 
(2012) 
Suboptimal 
Interactions among 
SC members 
Tversky & 
Kahneman (1974) 
Individual 
Perspective 
Organization 
Risk 
March & Shapira 
(1987) 
Incentives 
Experience 
Manuj & Mentzer 
(2008) 
Organization's 
Reward System 
Ghadge et al. 
(2012) 
Unable to anticipate 
Unable to react 
Juttner et al. 
(2003) 
Labor 
Production 
IT System 
Ghadge et al. 
(2012) 
Inventory Risk 
Process/Operational 
Risk 
Quality Risk 
Management Risk 
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Authors SC Risk Elements SC Risk Sources 
Tang (2006) 
Natural Disasters 
Environment 
Risk 
Man-made Disasters 
Exchange Rate 
Fluctuation 
Strikes 
Rosenhead et al. 
(1972) 
Competitors 
Behavior 
Governmental 
Policies 
Juttner et al. 
(2003) 
Accidents 
Sociopolitical Risk 
Natural Disasters 
Ghadge et al. 
(2012) 
Natural Disasters 
Politics 
Governmental 
Policies 
Market Forces 
Uncertain Supply 
Uncertain Demand 
Global Sourcing 
Short Product life 
cycles 
Financial Instability 
JIT outsourcing 
Mergers and 
Acquisitions 
New Technologies 
E-business 
Shorter time-to-
market 
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Authors SC Risk Elements SC Risk Sources 
Ghoshal (1987) 
Talent 
Others 
Technology 
Capital 
Bilsel & Ravindran 
(2011) 
Transportation Cost 
Other Costs 
Zsidisin (2003) 
Single Sourcing 
Market Capacity 
Constraints(shortage, 
concentration, and 
inflation) 
Juttner (2005) 
Globalization 
JIT production 
Centralized distribution 
and production 
Single Sourcing 
Thun & Hoeing 
(2011) 
Globalization 
Product Variety 
 
Endogenous 
Assets◆ 
Equipment 
Vehicles 
HR 
Inventories 
Distribution 
Recovery 
Revalorization & 
Service Center 
Customers 
Raw Materials 
Energy Suppliers 
Subcontractors 
3PL Provider 
Exogenous 
Geographical 
Factors● 
Nature 
Public Infrastructures 
Socio-economic-
political Factors 
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Appendix B ROP Calculation Steps 
 
This section illustrates steps used in calculating reorder points of 
products at warehouses.  For simplicity reasons, the complete calculations are 
provided for warehouse one (WH1) only in Table B-0-1. 
Step 1: Probabilistic ROP Model (Heizer and Render, 2014) 
ROP = (Average daily demand x Average lead time) + Zδ
dLT
 
Where Z is the value associated with desired service level (1.65 in this case with 
95% service level). 
Let        δd    = Standard deviation of demand per day 
            δLT     = Standard deviation of lead time in days 
then δdLT   = SQRT ((Average lead time x δd2) + (Average daily demand)2δ2LT) 
Step 2: Gravity Model Used to assign Weight for each Production Facility 
Let        CFfPpWw    = Unit supply cost of product p from plant f to warehouse w 
            WFfPpWw    = Weight assigned to plant f to replenish p at warehouse w 
𝑊𝐹𝑓𝑃𝑝𝑊𝑤 =
(𝐶𝐹𝑓𝑃𝑝𝑊𝑤)
2
∑ (𝐶𝐹𝑓𝑃𝑝𝑊𝑤)2
3
𝑓=1
 
 
Step 3: Convert Product Inventory to Days of Expected Demand 
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                                                      Table B-0-1 Warehouse One Product ROP Results 
  
WH1 Unit Supply Cost Gravity 
  
F1 F2 F3 F1 F2 F3 F1 F2 F3 
Weighted 
Average 
Days of 
avgdem 
P1 1420 1697 2746 1.24719 0.96583 0.5795 0.14 0.23 0.63 2324 17 
P2 1319 1575 2555 1.121 0.87189 0.52313 0.14 0.23 0.63 2160 17 
P3 479 573 920 1.55257 1.20756 0.72453 0.14 0.23 0.63 779 18 
P4 786 940 1516 1.42229 1.10622 0.66373 0.14 0.23 0.63 1283 18 
P5 122 146 232 3.91536 3.04528 1.82717 0.14 0.23 0.63 197 18 
P6 227 271 434 3.63443 2.82678 1.69607 0.14 0.23 0.63 368 18 
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Appendix C Characteristic Behavior of the Optimization Model  
 
The purpose of this section is to investigate the behavior of the 
deterministic optimizing model under different assumptions about the minimum 
product inventory at warehouses, minimum system-wide product inventory, and 
minimum raw material inventory at plants. This helps to verify that the MILP 
model is structurally sound and alert the researcher to characteristics that need 
to be considered when extracting production and distribution decisions to 
simulate the system with a rolling horizon.  
 
C.1 Model Verification 
 
When investigating the optimizing model’s behavior, we must keep in 
mind the assumptions made when constructing it. As stated in the previous 
chapter, managerial interest in this research is to maximize net contribution to 
profit and profit is not realized until products are delivered. Demands for 
products are aggregated and assigned to designated warehouse every day. The 
alternative delivery from production facilities directly to customers may occur at 
higher cost, while the cost of delivering products from warehouse to customers 
is much lower, thus, result in higher profit. Alternative deliveries from other 
warehouses are not an option when designated warehouse does not have 
sufficient inventory.  
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Three major cases were developed to verify the MILP model. In these 
cases, parameter values differ among initial raw material inventories (rminv) at 
plants, initial finished product inventories at plants (fpinv) and warehouses 
(wpinv), minimum raw material inventories at plants (minrminv), and minimum 
product inventories at plants (minfpinv) and warehouses (minwpinv). During the 
verification process, to better investigate the behavior of the optimization model, 
production planning horizon is fixed at three days.  Once the model has been 
verified, the impact of using different production planning horizons for the 
optimization process will be examined in Chapter 5.  
 
C.2 Model Verification Case Analysis 
 
C.2.1 Model Verification Case 1 
 
Case 1 is to verify that downstream activities are taking place in 
accordance with the minimum product inventory requirements imposed at 
warehouses. These activities include delivery of products from warehouses to 
satisfy customer demands, product inventory shortages at warehouses, and 
orders of products at warehouses. Table C-1 presents the parameter values used 
for model verification in Case 1. 
In this case, production facilities have no initial inventory of finished 
products. Production at all plants is suppressed because no raw materials are 
available. Initial finished product inventories and the minimum finished product 
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inventory requirements are both set to equal average daily demand (avgdem) 
assigned at warehouses.  
       Table C-0-1 Case 1 Parameters Value (in days of expected demand)  
Case 1 
rminv minrminv fpinv  minfpinv wpinv minwpinv 
0 0 0 0 1 1 
 
Key Expected outcomes for Case 1:   
1) Customer demand will be satisfied for the amount of one day only through 
deliveries made at assigned warehouse.  
2) The amount of lost sales at warehouses equals two days of assigned average 
daily demand.  
3) Product Inventory shortage will occur at warehouses. 
4) No setup for production across all plants, thus idle costs will be incurred. 
 
Solutions from Optimization Model for Case 1: 
For model verification purpose, solutions from the optimization model 
for Case 1 are extracted and presented in Table C-2 and Table C-3. Table C-2 
displays activities at production facilities which approve 4) in key expected 
outcomes. Table C-3 summarizes deliveries and orders of products at 
warehouses for selected products and warehouses to provide evidence for 1), 2) 
and 3) in key expected outcomes.  
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One shift results in total eight working hours. With no production 
activities across all plants and idle cost per hour at $50, total idle cost at each 
plant is $400 per day in Case 1 (idlecost in Table C-2).   
                 Table C-0-2 Case 1 Idles Times, Idle Costs and Setup Indicators  
 
 
Table C-0-3 Case 1 Sample of Warehouse Activities  
  
 
With initial product inventories set equal to just one day of avgdem at 
warehouses, customer demands can be satisfied for only one day. To avoid 
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additional inventory shortage costs for finished goods at warehouses, products 
are delivered at the end of the planning horizon (Day 3), leading to inventory 
shortages at warehouses by the end of Day 3. Since orders are placed at the 
beginning of a day, during 3-day planning horizon, no orders are placed.  
 
C.2.2 Model Verification Case 2 
 
Case 2 is to verify that the shortage of products at warehouses triggers 
alternative delivery from plant (or plants) in order to satisfy customer demands. 
In Case 2, initial product inventories at warehouses are set to zero. Production 
activities are still suppressed because no raw materials are available. However, 
product inventories at each plant are set to equal the daily throughput (maxprod) 
of corresponding products at that plant. Table C-4 presents optimization model 
parameters value incorporated in Case 2.  
Table C-0-4 Case 2 Parameters Value 
Case 2 
rminv minrminv fpinv  minfpinv wpinv minwpinv 
0 0 1 0 0 1 
Notes: 1) fpinv is as days of maxprod at plant. 2) minwpinv is as days of avgdem 
assigned at warehouse. 
 
 
Note that initial product inventories at warehouses are less than the 
minimum level would typically cause the MILP model to be infeasible. However, 
because we allow shortage of products at warehouses and because customer 
demands can be satisfied via the combination of deliveries made from 
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warehouses and plants, such settings will not trigger infeasibility of the 
optimization model. 
 
Key Expected outcomes for Case 2:   
1) No deliveries will be made at all warehouses. 
2) To satisfy customer demands, only alternative deliveries from plants will 
occur. 
3) No production activities will occur across plants. 
4) The amount of customer demands can be satisfied depend on system-wide 
product inventories at the beginning of the planning horizon. 
5) Warehouses place orders of products with an amount equal to their 
corresponding minimum requirement. 
6) Inventory shortages will occur at warehouses each day because the planning 
horizon is too short for shipments to arrive. 
 
Solutions from Optimization Model for Case 2: 
In this case, production activities across plants are identical to Case 1 (see 
Table C-2). Lack of raw materials halts productions across plants, confirming key 
expected outcome 3) for Case 2.  
Total system-wide inventories by product at the beginning of the day is 
summarized in Table C-5. For selected products, inventories at plants and 
activities at warehouses are presented in Table C-6 and Table C-7 respectively.  
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Table C-5 indicates that system-wide inventory of P2 at the beginning of 
day three is less than the total demand of P2 across warehouses (see Table 3-8), 
leading to lost sales of 136 units at warehouse/s by the end of day three. The 
table also suggests that demands across warehouses for all other products are 
satisfied since there are still inventories left in the system by the end of day 
three or at the beginning of day four. This information from Table C-5 verifies 
key expected outcome 4) for Case 2. 
       Table C-0-5 Case 2 Total Product Inventories across Plants 
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          Table C-0-6 Case 2 Sample of Production and Plant Inventories Summary   
 
 
For selected product P4, Table C-7 shows that no lost sales occur at 
selected warehouses. Moreover, Table C-7 confirms aforementioned key 
expected outcomes 1), 2), 5) and 6) for Case 2 with the right amount of orders 
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placed and inventory shortages at warehouses, and deliveries made only from 
plants.   
Table C-0-7 Case 2 Sample of Warehouse Activities 
 
 
C.2.3 Model Verification Case 3 
 
Case 3 is to verify that raw materials usage and productions at plants are 
taking place in accordance with the amount of raw materials imposed in the 
optimization model. In Case 3, product inventories at plants, minimum product 
inventory requirements and initial product inventories at warehouses are all set 
equal to zero. Raw material inventories for productions of each product are set 
to be the amount needed for the throughput of that product at each 
plant(thrptrm). Table C-8 lists parameters value used for Case 3. 
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Table C-0-8 Case 3 Parameters Value 
Case 3 
rminv minrminv fpinv  minfpinv wpinv minwpinv 
1 1 0 0 0 0 
Notes: rminv and minrminv are as days of thrptrm.  
 
 
 Key Expected outcomes for Case 3:   
1) No deliveries will be made at warehouses. 
2) To satisfy customer demands, only alternative deliveries from plants will 
occur. 
3) Production activities will happen across plants. 
4) The amount of customer demands can be satisfied during planning horizon, 
as well as lost sales, depend on units of products produced at plants. 
5) Raw material inventory shortages will occur. 
 
Solutions from Optimization Model for Case 3: 
System-wide inventories would be zero at the beginning of day one in 
Case 3. This is represented as missing values for day one in Table C-9 because the 
report generator only extracts non-zero values from the optimization model’s 
solution. 
System-wide inventory of P2 equals 984 units at the beginning of day two. 
This implies that a total of 984 units of P2 are produced across plants at the end 
of day one (621 units at F1 and 363 units in F3 as shown in Table C-10). 
Moreover, deliveries of P2 directly from plants won’t be made until day two, 
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because products made in a day will not be available for delivery until the next 
day (constraint posted by equation 20).  This constraint also implies that lost 
sales will occur at all warehouses on day one. System-wide inventory of P1 at the 
beginning of day four indicates that all 702 units of P1 are delivered by the end 
of day 3 (as presented in Table C-13). 
        Table C-0-9 Case 3 Total Product Inventories across Plants 
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    Table C-0-10 Case 3 Sample of Production and Plant Inventories Summary 
 
 
For selected plants and products, plant productions and inventories 
summary, setup indicators at plants, and plant capacity utilizations are 
presented in Table C-10, Table C-11, and Table C-12 respectively.  
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            Table C-0-11 Case 3 Idles Times, Idle Costs and Setup Indicators  
 
          Table C-0-12 Case 3 Sample of Production and Capacity Utilization 
 
 
Note in Table C-12, the cumulative proportion of time utilized across all 
plants in production of products is 0.875 if no idle times occurred during a day. 
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This number is resulted from the fixed setup time of one hour across all 
production facilities, leading to total available production time equals 7 hours 
per day (0.875=7/8).  
Table C-13 summarizes demands and delivery activities at warehouses for 
selected product and warehouses.  
       Table C-0-13 Case 3 Sample of Warehouse Activities  
 
 
C.3 Summary 
 
In Summary, solutions for Case 1, Case 2, and Case 3 verify that the 
optimization model behaves as it should for each test conditions. The MILP 
model verification process demonstrates that warehouses deliver products to 
satisfy customer demands registered at the beginning of a day if finished product 
inventories are sufficient at warehouses. Alternative deliveries of products 
directly from plants at higher costs may occur if warehouses experience 
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inventory shortages. Warehouses place orders to maintain desired minimum 
inventory level and plants place orders of raw materials to support production. 
Production takes place at plants to replenish warehouses and maintain system-
wide product inventories, while raw material inventories pose restrictions on 
production quantities at plants.   
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